
 

 

 University of Groningen

A global value chain perspective on trade, employment, and growth
Ye, Xianjia

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2017

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Ye, X. (2017). A global value chain perspective on trade, employment, and growth. [Thesis fully internal
(DIV), University of Groningen]. University of Groningen, SOM research school.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://research.rug.nl/en/publications/f59e514d-b6f9-4ae0-8764-dbb27cdcaf1c


 

 

 

 

 

A Global Value Chain Perspective on 
Trade, Employment, and Growth 

 

Xianjia Ye 

 

 

 

 



给妈妈和爸爸 

To My Parents 

Published by University of Groningen, the Netherlands 

Printed in the Netherlands 
by Ipskamp Printing B.V. 

Postbus 333, 7500AH Enschede 

ISBN 978-90-367-9901-0 (Paperback) 
  978-90-367-9900-3 (E-book) 

Copyright © 2017 by Xianjia Ye 

All rights reserved.  
No part of this publication may be reproduced, stored in a retrieval system of 

 any nature, or transmitted in any form or by an means, electronic, mechanical, 
 now known or hereafter invented including photocopying or recording, 

 without prior written permission of the author.   

Cover of the paperback “the observational equivalence”.
Photo by the author on the dock of Ameland. 



A Global Value Chain Perspective on 
Trade, Employment, and Growth

Proefschrift

ter verkrijging van de graad van doctor aan de
Rijksuniversiteit Groningen

op gezag van de
rector magnificus prof. dr. E. Sterken

en volgens besluit van het College voor Promoties.

De openbare verdediging zal plaatsvinden op 

dinsdag 20 juni 2017 om 11.00 uur 

door 

Xianjia Ye

gaenbtoirbeont stopbot 3I1am5not feburusaryi 11948298

ptrei vaNciyngprbote,c Cthiona 
 

  



Promotor

Prof. dr. M.P. Timmer 

Copromotor

Dr. G.J. de Vries 

Beoordelingscommissie

Prof. dr. M. Goos 

Prof. dr. D.S.P. Rao 

Prof. dr. S. Brakman 

 



Acknowledgments

I would like to first thank my parents who always support me from the beginning of

my life. I am also thankful to the scholarship by Faculty of Economics and Business

in Groningen for my later half of bachelor and my master studies, without which I

most probably would not proceed in academia after obtaining my bachelor degree.

I am in debt to my two supervisors, Marcel Timmer and Gaaitzen de Vries. This

thesis is not possible without their great support. The innovative and stimulating

talks with them helped me formulate the research ideas, and they also spent much

time helping me in data issues as well as in writing. I want to thank Steven Brakman,

Maarten Goos and Prasada Rao for the reading of my manuscript and the comments

for further improvement. I also thank Gaaitzen and Shidan Lu for the editing on the

Dutch summary of my thesis, and Marianna Papakonstantinou being the paranymph

for my defense.

We are also grateful to many national and international colleagues, including but
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Chapter 1

Introduction

1.1 Background on Global Value Chains

In this thesis I study the rise of Global Value Chains (GVCs) in recent decades and its
implications for economic research.

A global value chain refers to the globalized production process in which the tasks in
producing a final product become unbundled and are conducted in different countries.
Due to high transportation and coordination costs, globalized production has been very
rare historically. Most goods were made within a country, or just within a workshop.
In ancient times, only the most legendary products were made in GVCs. For example
the so-called Damascus swords were made from special ores mined in the iron mines of
India. The ores were smelted into steel ingots and then shipped to the Middle East,
where blacksmiths turn them into mysteriously sharp blades (Sinopoli 2003). India is
the only place where this specific sort of iron ore can be found, and a small group of
craftsmen in the Middle East were the only ones who mastered the secrets of forging the
special blades. Naturally, the blades commanded premium prices.

However, what was once restricted to special goods has proliferated in recent decades.
The advancements in (tele-)communication and logistic technology have made it feasible
for firms to organize their production internationally and offshore tasks across national
borders. If the costs of coordination and shipping of intermediate inputs back and forth
between China and the U.S. is smaller than their wage differences, it is more profitable for
a U.S. firm to offshore certain production tasks to China (Baldwin 2006). In fact, glob-
alized production has become the norm instead of the exception. As shown in Timmer
et al. (2016), more than half of global trade flows in 2014 are imports of (non-resources)
intermediate inputs. The production of an iPhone provides a well-known example of a
GVC. The smartphone and its operating system are developed in Apple’s headquarter in
the U.S.; the electronic chips are made by various firms in, for instance, the U.S., Japan,
Korea, France, and Italy; all components are shipped to China for assembly. GVCs are
also pervasive in the production of many other manufacturing products. For example,
many tasks in the German automobile industry have been offshored to the Czech Re-
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2 Chapter 1. Introduction

public and China, while the components from Boeing and Airbus planes are produced
all around the world. Globalized production appears worthwile for even the most simple
products. Figure 1.1 shows the fore and back sides of a simple pencil sharpener. The
carbon steel knife carries the inscription “Made in Germany”, while the aluminum body
says “Made in China”. It sells for only 0.99 euro in a Dutch retail store.

Figure 1.1: A Simple Pencil Sharpener

(a): Carbon Steel Knife (b): Aluminum Body

Global value chains have reshaped production patterns as well as international trade,
and have deep consequences for our view on the economy. Past studies are largely
conducted using country-industry level data, many of which presume a single-stage pro-
duction perspective, i.e. the production processes are taking place within each coun-
try/industry, and trade is mostly in finished goods. This view is, however, no longer true
due to globalized production.

The pattern of production and trade may lead to confusing and illusionary conclusions
when analysed from the “standard” point of view. To see in an intuitive way how
problems may arise, I compare a global value chain to a food chain. Figure 1.2(a)
illustrates some potential sources of vitamin A for human beings. Cod liver oil is famous
for its richness in vitamin A. But vitamin A is also found in some vegetables and fruits,
like carrots and mangos. The plant sources of vitamin A are less well-known, and hardly
any link can be found between carrots and cods. Are both fishes and vegetables able to
produce vitamin A? Based on common knowledge, one may possibly conclude that fishes
are more capable in doing so, given the popularity of cod liver oil and its high level of
vitamin A. However, the nutritious elements in an animal (plant) may be produced by
the animal (plant) itself, but may also come from the food that the animal eats (or are
extracted from the environment the plant lives). Without tracing the food chain, it is
not possible to identify these two channels. In fact, vitamin A comes from its precursor,
carotenoids, which can be found in virtually all plants and some bacteria that performs
photosynthesis. Most animals are able to absorb and convert carotenoids to vitamin A,
but are not able to produce either of them. Vitamin A in seafood is ultimately produced
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by algae that small fishes and shrimps eat, while cods and other big fishes played the
role as the concentrators of vitamin A instead of the producers.

Figure 1.2: Global Value Chain and Food Chain

(a) Potential Sources of Vitamin A and the Associated Food Chains

Carotenoid Vitamin A Vitamin A Cod Liver
Oil

Carotenoid

Plants

(b) Hypothetical Global Value Chains of Cars Exported to the U.S.

Germany United States 
of  America

Exports of cars

Mexico
Export of engines Export of 

bodies & tires

A similar phenomenon exists in global value chains. Consider figure 1.2(b) which
illustrates the hypothetical value chains of German and Mexico cars exported to the
U.S. A car consists of a body, four wheels and an engine, but the components may not
be made in the same country where the cars are assembled and exported. Everything
is made within the exporting country as shown in the case of Germany. But the car
can also be made in an alternative way, in which the core components are made by
various countries including the U.S., and the final assembly takes place in Mexico. It
is not possible to tell how values in the car was added without knowing the structure
of production. Misleading conclusions and improper policy implications might arise if
one only focuses on the export flows of cars. The U.S. may consider, for example, an
embargo on Mexican cars to increase its own employment in the automobile sector. If
the structure of globalized production is as described in the hypothetical value chain,
the only task Mexico performs is assembly. When the production of cars is brought back
to the U.S., the U.S. gains the employment in low-skilled assembling tasks, but on the
other hand, the total cost of cars is expected to rise due to higher wage. This may in
turn lower the demand for cars, which ultimately harms U.S. steel and chemical firms
that supply car bodies and wheels.

The chapters in my thesis are motivated by trying to find solutions to potential
problems in current studies that fail to account for GVCs. I argue that new analytical
perspectives are needed which should precisely mark to specific research questions and
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explicitly take globalized production into consideration. For example, when analysing
production, one should go beyond the national boundary and account for all tasks per-
formed in all countries that are needed in a GVC. When analysing employment trends in
each country, one should focus on the exact tasks that are taking place, as the products
a country produces do not convey information on its actual economic activities.

Currently available country-industry level statistics are insufficient in analysing global
value chains; many datasets are limited to activities within the national boundary and
lack the capacity of tracing internationally fragmented value chains. In this paper I make
intensive use of the recently available World Input-Output Database (WIOD, Timmer
et al. 2015). The 2013 release of the WIOD provides time series of multi-regional input-
output tables for 40 countries annually from 1995 to 2011. The multi-regional IO tables
report the use of intermediate inputs by each industry that come from both domestic
and foreign countries. Importantly, imported intermediates used by domestic industries
are linked to the countries-industries where the intermediates are produced, such that
offshoring and globalized production structures can be analysed. The WIOD project also
includes other supplementary statistics on, for example, the skill content of employment
in each country-industry. These data provide a very useful stepping stone for rich analyses
for various fields in economics.

1.2 Puzzling Questions and Global Value Chains as

the Solution

What are potential problems that may arise if one neglects the rise of offshoring and glob-
alized production? In this thesis I will show that globalization has deep consequences for
analyses of trade, employment, and growth. The standard views might be inconsistent,
and a global value chain perspective is needed in various fields of economic studies.

Recovering the Link Between Endowments and Bilateral Trade

Most economic theories agree that a country’s export pattern should reflect its structure
of factor endowments. However, recent gross trade statistics show a puzzling picture that
seems to be contradictory to theoretical predictions. The observed exported products
depart substantially from the trade patterns that would be predicted based on each
country’s factor endowments. Many developing countries have surpassed the developed
world in exporting technology intensive products. For instance, electronic products have
a higher share in the bilateral exports from China to the U.S. compared with the exports
from the U.S. to China. Why do developing countries abundant in low-skilled labour
rapidly turn into exporters of advanced products? It is hard to explain if one takes
a conventional view of trade and production, which presumes that exported products
are largely made by the exporting country itself. In chapter 2, I argue that globalized
production is a major cause for the “mismatch” between endowments and product trade
patterns. When offshoring is possible the products that a country produces and exports
may not be aligned with the actual tasks it performs. As a result, trade theories should
be tested with measures of factors that underlie the trade in products.
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Chapter 2 contributes to the literature by introducing a precisely defined and accu-
rately calculated new measure of bilateral factor exports. My new measure is based on
identifying the country of origin of values added by each factor and the final destination
of consumption; it accounts for traded intermediates and is robust under complex forms
of globalized production. Using this new measure, I find that bilateral factor exports are
closely in line with countries’ factor endowments. Not only the direction of net bilateral
factor trade can be largely explained by the endowment structures of country pairs, but
also their volume.

Offshoring, Biased Technical Change, and the Changing Skill
Structure of Employment

In recent decades, developed countries’ labour markets have witnessed a rapid increas-
ing wage premium for higher education, as well as the so-called job polarization where
employment in middle middle-skilled jobs grows more slowly relative to both high- and
low-skilled ones. What are the possible causes for the changing skill demand of employ-
ment? The consensus in the literature is that both offshoring and biased technical change
(BTC) are important drivers, but until now it has not been possible to disentangle the
effects of BTC and offshoring. The effects of offshoring may look observationally the
same as BTC in domestic labour markets. To see this, suppose that there is no change in
the production technology, but the firm decides to re-allocate unskilled production tasks
abroad. The use of unskilled worker declines in the domestic labour market, which looks
identical as a BTC against the use of unskilled workers, for example through automation.
Current studies identify the two effects by using specific indicators that measure each
job’s vulnerabilities to offshoring and technical change. However, empirically the proxies
for offshoring and BTC appear to be highly correlated. For instance, developments in
information and communication technology (ICT) give rise to specialised software that
automatizes accounting tasks, which reduces the demand for clerks. However, ICT at the
same time also enables cheap, timely, and secure transmission of financial and account-
ing information, such that many tasks performed by clerks can be offshored to low-wage
countries. Given the high correlation between offshoring and BTC measures, their effects
cannot be sharply disentangled and the estimates are usually sensitive to exact indicators
being used.

In chapter 3 we present a novel approach to measure BTC in global value chains.
Instead of analysing one-stage production within each country-industry, we investigate
production in GVCs such that the final output is mapped to labour and capital employed
at any stage of production, in any country. When a task is offshored, the decline in
domestic employment must appear in other countries, and the GVC factor usage remains
unchanged. But if a task becomes obsolete due to new technology, the disappeared
employment will not be found in any country in the GVC. This difference allows us
to first neutralize the effects of offshoring before estimating technical changes. We find
evidence of BTC in favour of college-educated workers and capital, and against non-
college workers. Simulations suggest that offshoring and BTC contribute quantitatively
equally to the decline in employment of non-college workers in advanced countries. By
decomposing non-college workers into medium- and low-skilled, we find that the use of
ICT capital has significantly polarized labour demand away from medium-skilled.
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Globalized Production and New Paths of Structural Upgrading

For a long time, structural change in developing countries is understood as a shift of
employment across sectors, from agriculture to industry, and from less skill-intensive in-
dustries to more sophisticated and high-skill intensive ones. This typology is, however,
under challenged in the presence of offshoring and globalized production. Nowadays,
most manufacturing products are produced in global value chains, with different stages
of production taking place in different countries in the world. Underdeveloped countries
may participate in the global value chains of high-tech products, like mobile phones, by
performing low-skilled tasks like assembly and packaging. Highly developed countries
may still keep an important stake in the GVCs of so-called low-skilled products, like
cloths, handbags and shoes, by performing high-skilled tasks such as design, marketing,
and the management of their international material supply chains. When offshoring is
possible the name of an industry can be very different from the actual tasks that are
carried out. This has major consequences for our understanding of growth and devel-
opment, and raises the need to identify two types of upgrading, horizontal and vertical.
Offshoring seems to open up plenty of opportunities for horizontal upgrading in devel-
oping countries, which refers to the re-allocation of their current low-skilled employment
towards sophisticated GVCs, for example from making T-shirts to the assembly of elec-
tronics. At the same time, it is also increasingly important to study the propensity of
vertical upgrading withing each industry towards higher-skilled tasks, for example from
assembly to R&D within the electronics industry. However, our knowledge on the latter
type of structural upgrading is yet limited.

How do countries upgrade under globalized production and what are the propensities
of horizontal and vertical upgrading? Chapter 4 contributes by using the WIOD dataset,
which provides new data on the tasks carried out in GVCs by a large set of countries.
Following Hidalgo et al. (2007), I study the possible paths of structural upgrading based
on the bilateral relatedness of tasks in various industries at different skill levels. The re-
latedness between two tasks is measured by the probability that a country has a revealed
comparative advantage in both tasks, calculated on the basis of value-added export con-
tributed by each task. I find a task is in general more related with other tasks at the same
skill level, while the relatedness is low between low- and higher-skilled tasks even within
an industry. Participation in GVCs is easy, but vertically climbing up is a very different
process that may require a different set of stimulation policies. I also find that tasks in
business service sectors, especially in utility and logistics, have a strong complementarity
with manufacturing tasks and may play an important role in structural upgrading.

1.3 Overview of Future Research Directions

In this thesis I study the effects of globalization on trade, employment, and growth. I show
that many misleading and confusing results may arise if one takes a conventional view
on production and trade that fails to recognize offshoring and production fragmentation.
The puzzles can be solved, if we take a global value chain perspective and properly
account for the new paradigm of globalized production. Global value chains are a quite
new phenomenon in history, and our knowledge is still limited. It has deep consequences
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on various fields of economic research. This thesis is a preliminary exploration, and many
research directions can be put on the agenda for the future.

In my studies the patterns of offshoring are taken from actual data. Offshoring has
been controlled for, but remains unexplained. It will be interesting and important to
explain the dynamics in offshoring, which opens new research questions, both empir-
ically and theoretically. For empirical studies, one may consider to explore multina-
tionals’ behavior of offshoring and investigate how international production is organized,
namely why certain tasks are offshored to particular countries. The match between socio-
economic conditions of countries and requirements of tasks should be a key element, but
the research also relates to various other aspects like the choice of technology in produc-
tion, trade costs of different intermediate goods and services, agglomeration and regional
economic integration, international politics, and environmental concerns and business
ethnics.

From a theoretical point of view, the fraction of tasks that can be offshored is viewed
as exogenous in my research. In the long run, however, offshoring technology may develop
endogenously. Acemoglu (2002) models the development of factor biased technological
change as an directed process in which the direction of R&D effort is dependent on
economic incentives. He shows that the long-run technological change is directed towards
a more intensive use of factors that are abundant in the economy. Theoretical models on
globalized production may be developed, in which offshoring technology is endogenized
in a similar way. As important developing countries like China and India integrate in
the world economy, the potential supply for cheap low-skilled labour increases for firms
located in developed countries. In order to benefit from globalization, R&D expenditures
may be spent on making production processes more standardized and modular, such that
a larger share of tasks can be offshored. In addition, due to the increasing availability of
the labour supply from developing countries, production technology in the long run may
also be biased towards a higher usage of tasks that are offshorable.

I have emphasised that for many studies it is important to pinpoint the actual tasks
that each country performs in global value chains. Due to data availability I cannot
observe exact tasks, and a tasks is identified in this thesis based on the industry and
educational attainment of employees. This may not be the optimal way, as the years
of schooling an employee received may not align with the skill requirement of his task.
Efforts from various research institutes in the world have been put in constructing new
datasets on the occupation composition in each country-industry, which are expected to
be available in the near future. Using occupation data in global value chain analysis has
important advantages. Occupations have a tigher link with the tasks being performed
and are expected to improve empirical analysis. More importantly, new research with
GVC-occupation data is capable to reveal detailed types of skills that are most affected
by offshoring and technical changes. It goes beyond the single dimensional years of
schooling and has policy implications not only on whether more education is needed, but
also on what types of education is most helpful in preparing the future generation for
globalization and technological development.





Chapter 2

Estimating and Explaining Bilateral

Factor Exports

2.1 Introduction

What do countries trade with each other? Neo-classical theories, such as the Heckscher-

Ohlin model, take an endowment-driven perspective and suggest that the export pattern

of a country should reflect its structure of factor endowments. Developing countries are

expected to export low-skilled labour- and natural resources intensive products, while

developed countries should export skill- and technology-intensive products.

However, in the recent decades the empirical evidence seems to be increasingly con-

tradictory to theoretical predictions. Trade statistics suggest that technology-intensive

products are comprising a rapidly increasing share in the export by some developing

countries; they seem to quickly overtake the developed world by a large margin. For

example, in 1995 electronics made up already 26.3% of the bilateral gross exports from

China to the U.S., and it increased further to 42.9% in 2011. But the share of electronics

in the gross exports from U.S. to China has decreased from 24.1% in 1995 to 20.0% in

2011. On the other hand primary products (agricultural products, minerals, and wood)

only have a strikingly small share of 1.2% in the Chinese gross exports to the U.S. in

2011, but the same share is 9.0% in the gross exports from the U.S. to China (based on

the WIOD database, Timmer et al. 2015).

Are the standard theories deficient or is America already not great anymore? It

might be the case that neither of them is true, and the seemingly paradoxical pattern

of gross export is a consequence of globalized production. Under globalized production,

different tasks in the production process of a single product are unbundled and offshored

to different countries, such that the comparative advantages of countries are realized at

the task level. Gross export data in products, therefore, can sometimes be illusionary for

economic studies. For instance, being an exporter of electronics does not reveal whether

the country is specialized in producing electrical chips, or just in assembly.

9
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In this paper, I argue that in the presence of pervasive offshoring, trade theories can be

better tested based on the underlying factors that has been exchanged between countries.

The main aim of this paper is to introduce a new measure of the bilateral trade in factors.

Using this new measure, I test the fitness of neo-classical theories on factor export by a

new test, which investigates whether the direction of bilateral net factor export between

each pair of countries is in line with the theoretical prediction based on the differences

in two countries’ endowment structures. I find strong and robust evidences supporting

the endowment-driven view of trade.

Originally neo-classical theories, like the Heckscher-Ohlin model, are developed to

explain and predict the patterns of trade in products; a country should intensively export

the product(s) which intensively uses its abundant factor(s). This prediction relies on

the assumptions that production factors, especially labour, are perfectly immobile across

countries, and the products exported are fully made by the exporting country itself.

These assumptions are reasonable in the era of Heckscher and Ohlin since the costs of

transportation and communication were so high that trade mostly took place at the

final goods level. But they are no longer suitable, due to the rapid reduction in the

costs of logistics and telecommunication which have enabled the de facto international

mobilization of labour via offshoring and trade in intermediates. That is, to given an

example, when coordinating costs plus the shipping costs of intermediates back and forth

between the U.S. and China are smaller than the low-skilled wage differences between two

countries, it is cheaper for U.S. firms to unbundle their production process and to offshore

some or all the low-skilled tasks to China (Baldwin 2006). Goods are no longer produced

within countries but in the so-called Global Value Chains (GVCs), and such de facto

usage of foreign labour embedded in intermediates is rapidly increasing, as documented

in Timmer, Los, Stehrer and de Vries (2016) that the trade volume in intermediates has

now already surpassed the trade in final products.

Under offshoring, developing countries may export high-skill intensive products like

smartphones, but most of the key components are imported from the developed world.

Developed countries may export traditional products like bags, shoes and cookware, with

all production tasks offshored but the high-skilled design and coordinating tasks and the

final stage of quality checking remain domestically. What a country exports is not always

closely tied with what a country does for export. As a result, gross export data is less

informative for many economic studies in which the identification of actual economic

activities in the local economy is important. In this paper, I argue that bilateral trade of

factor content provides a better analytical perspective in linking trade and endowments.

Compared with gross export data, this new measure is directly related to the actual tasks

that are performed for export and the respective factors that are employed in these tasks.

One is able to tell, for example, whether offshoring indeed offers low-income countries

a sudden upgrading in their actual tasks, or the actual tasks stay unchanged after the

“upgrading” in gross export.

The concept of factor trade is not new, and can be dated back to as early as Leontief

(1953) and Vanek (1968) who argue that as an alternative perspective trade can be viewed

“with reference to amounts of factor-services embodied in goods traded, rather than with

reference to products” (Vanek 1968, pp. 749) – to put it in a modern terminology: trade

in tasks. It seems that the “conversion” from product export to factor export has already
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become a standard practice in international economics. However, there are still two issues

that worth further attention. Firstly, although there are many influential studies that

estimate factor exports from each country (i.e. the factor exports by domestic country

to the rest of world, see e.g. Bowen, Leamer and Sveikauskas 1987, Trefler 1995, Davis

and Weinstein 2001, Hakura 2001), the research on bilateral factor trade is scarce. There

are only a limited number of estimates, and the early literature mostly estimates factor

trade between two specific countries for which data are available (Tatemoto and Ichimura

1959 on factor trade between the U.S. and Japan, Wahl 1961 and Brecher and Choudhri

1993 between Canada and the U.S.). Only recently, the scope of research been extended

to multiple countries (Choi and Krishna 2004 for 8 OECD countries, Zhu and Lai for

41 countries/regions in the GTAP dataset, Artal-Tur, Gastillo-Gimenez, Llano-Verduras

and Requena-Silvente 2011 between 17 Spanish regions).

Secondly, most past studies in factor exports relied on a similar methodology, which I

will refer to as the “conventional” measure, that calculates domestic contents embodied

in the bilateral gross export flows between countries. The conventional measure uses a

production cost share matrix, derived from domestic production technology, to convert

the products in gross export into domestic factor contents.1 The conventional measure of

(bilateral) factor exports only uses the information that is within the domestic country’s

statistical registry. As a result, the conventional measure lacks the ability in tracing

factors embodied in traded intermediates. The potential problem of the conventional

measure can be intuitively seen in a multi-country world. Recall the international pro-

duction process of the cars as illustrated by figure 1.2(b) in the first chapter. The car uses

a Germany-made engine, but is assembled in Mexico and is subsequently sold to the U.S.

In this particular GVC, the conventional measure will not register any factor export from

Germany to the U.S., because there is simply no direct gross export flow between them.

On the other hand, the German factors that are used in producing engines will show up

as the factor exports to Mexico, although all factor contents are finally passed on to the

U.S. for final consumption. Even in a two-country world (i.e. domestic economy and the

rest-of-world), as I will show, this problem of the conventional measure still exists.

This paper contributes to the literature by using new data and a new strategy to

measure bilateral factor exports. I follow Johnson and Noguera (2012, 2016) and measure

factor trade by identifying the origin and final destination of value-added. Formally, the

export of factor f from country i to j, denoted by Ef
ij , is defined as the value added in

country i by the tasks performed by factor f that finally ends up in country j’s final use.
Defined in this way, my measure is directly linked with the actual economic activities in

creating exported value added, which is according to Trefler and Zhu (2010) economically

meaningful and relevant for the tests of trade theories. This measure is also invariant

to the organization of a value chain, provided that the country under investigation is

still performing the same tasks. A car sold to the U.S. with a Germany-made engine

will always carry the factor export from Germany to the U.S. that is related with engine

manufacturing, regardless of whether the car is assembled in Mexico or in Germany itself.

To construct the indices of bilateral factor exports, I used the recently available

World Input Output Database (henceforth WIOD, Timmer et al. 2015). WIOD and its

1. For instance, if country A exports $100 of a certain good to B, and assume that the cost shares of
domestic low-skilled worker, high-skilled worker and imported intermediate inputs in its production are
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accompanying Social-Economic Account (SEA) database provide information on global-

ized production structure, trade, consumption, and factor usage for 40 countries over the

period from 1995 to 2009. Traded intermediates are separated from the trade in final

products, and are coupled to the countries and industries that produce and use these

intermediates. This is crucial for the derivation of bilateral factor exports as defined in

this paper. I find that my measure differs considerably from the conventional measure

based on the decomposition of bilateral gross export flows. Within a particular GVC,

the conventional measure underestimates factor export from countries that are located

upstream in the GVCs to the final destination of consumption, and overestimate factor

export to the countries that process traded intermediate inputs. Whether bilateral fac-

tor exports are over- or under-estimated depends on the two countries’ positions in the

globalized production at an aggregated level. The disparity between the two measures

can be enormous; substantially large differences are widely observed including in many

large country pairs, like Russia and the U.S.

What is the pattern of factor trade as suggested by this new measure? I find that

my new bilateral factor export indicators show a quite different picture compared to

trade in products. The pattern of factor exports is consistent with country’s structure

of factor endowment. As a quick diagnostic check, in table 2.1 I illustrate the bilateral

exports between China and the U.S. for the year 2007. In terms of trade in products, the

structure of China’s gross export to the U.S. looks quite comparable to the gross export

from the U.S. to China, with modern manufacturing industries having the largest share.

However, in terms of factor trade, a very different picture emerges. When we focus on

the export shares within labour,2 low-skilled labour plays the most important role in

the factor export from China to the U.S. While on the factor export from the U.S. to

China, low-skilled labour only contributes a negligible share of 4%, and medium- and

high-skilled labour both contributed about half of the labour contents that are exported.

The pattern of bilateral factor export between China and the U.S. therefore fits the

prediction by standard trade theories.

To provide a more systematic test on the endowment-driven view of trade, I extend

the model in Trefler and Zhu (2010) and build a sign test on the direction of net factor

trade between countries. In brief, the direction of net factor export within a pair of

countries is predicted by the difference in two countries’ endowment structures after

accounting for their trade balances. The one with a higher relative abundance of a factor

is predicted to be the net exporter of that factor, while running a trade deficit lowers the

probability in being an exporter of any factor. The sign test I perform is in analogy with

the Heckscher-Ohlin-Vanek (HOV) prediction (Vanek 1968). However, it is a new test

with the focus on bilateral factor trade, which differs from the standard HOV prediction

on the factor export from each country to all the rest of world. Past HOV tests are

infamous for the poor empirical performance (see, e.g. Trefler 1995 who finds that the

standard HOV’s predictive power is not better than tossing a coin). I find that using the

0.2, 0.3, and 0.5, respectively. The export of low- and high-skilled labour contents are then estimated to
be $20 and $30. More discussions will follow in the next section.

2. Capital has a dominant share of 63.5% in the export from China to the U.S. And according to
the data China indeed has a large relative endowment in capital. This is because the dataset identifies
capital by the location of residence and not by ownership. Due to high level of inward FDI, a large part
of capital in China may comes from abroad and the capital income generated in China may eventually
go to the foreign capital owners.
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Table 2.1: Bilateral Export in Products and Factors (2007)

A. Export from China to the U.S.
Export of Products Export of Factors

Electronics, Machinery & Cars 170.3 58.7% Capital 152.2 63.5%

Light Industries 45.5 15.7% Low-skilled labour 45.5 19.0%

Heavy Industries & Chemicals 36.4 12.5% Medium-skilled labour 33.6 14.0%

Services 34.7 11.9% High-skilled labour 8.5 3.5%

Agriculture & Resources 3.7 1.3%

Total 290.6 239.8

B. Export from the U.S. to China
Export of Products Export of Factors

Electronics, Machinery & Cars 44.9 43.6% Capital 27.3 38.7%

Services 24.3 23.6% Medium-skilled labour 21.4 30.4%

Heavy Industries & Chemicals 18.5 17.9% High-skilled labour 19.7 27.9%

Agriculture & Resources 9.4 9.1% Low-skilled labour 2.1 3.0%

Light Industries 5.8 5.7%

Total 102.9 70.5

Note: Unit of measurement: billion U.S. dollar at current prices. The product export data is fetched from the
WIOD database and the factor export is based on author’s own calculation.

new measure of bilateral factor export, the HOV-like sign test in my paper has a high

predictive power on the direction of net factor trade between 40 countries in WIOD, and

the results are also highly stable across the 15-year period from 1995 to 2009.

As a further exploration of the relevance of my bilateral factor export indicator in

economic studies, I investigate whether endowment also predicts the volume of bilateral

factor export. Under certain standard assumptions in the trade literature, for example

assuming a world with homogeneous preference and frictionless trade, a so-called “con-

sumption similarity” condition arises such that the factor export between two countries

equals the exporter’s endowment of that factor, times the share of consumption of the

importing country in world GDP (see also Trefler and Zhu 2010). This prediction on

bilateral factor export can be naturally tested in a gravity-like equation system, which

has not yet been done in the literature. Due to the research scope of my paper, I do

not try to distinguish the alternative models that predicts consumption similarity, nor

do I search for exact theoretical reasonings behind the violation of this condition. I am

interested in the predicting power of the simple gravity equation in explaining actual

factor export data, and how do trade barriers like distance affect the trade in different

kinds of factors differently.

I find that the factor export elasticities are close to unity in exporter’s size of factor

endowment and importer’s total consumption, which support consumption similarity in

traded factors. I find that the so-called “home bias” is the most important violation to

consumption similarity, namely a country’s consumption of its own factor is much larger

than the prediction under frictionless trade – or equivalently, a majority of factors is

deployed in the tasks that are exclusively for domestic consumption. Home bias is found

to be pervasive in the economy, which is not limited to the factors that are deployed
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in producing non-tradable products. Similar as in gross exports, distance also reduces

the trade of factors. The impediment due to distance has declined significantly during

1995 to 2007, and the largest changes are found in the trade of high-skilled labour and

capital. Furthermore, the relative importance of language barrier is found to increase in

the trade of all factors.

The rest of my paper is organized as follows. The next section provides details on the

derivation of my new measure of bilateral factor exports as well as its methodological

different with the conventional measures. I will also discuss the data I use for my study.

Section 3 is an empirical comparison of the two measures. I first illustrate how the

estimating bias of conventional measure arises in globalized production, and then compare

the empirical estimates of two measures based on the WIOD dataset. In section 4 I

perform the new sign test to see whether endowment differences between country pairs

predict the direction of their net bilateral factor trade. This is followed by section 5 in

which I estimate the gravity equation system on factor exports. Section 6 concludes.

2.2 Measuring Bilateral Trade in Factor Content

2.2.1 Derivation of the New Measure

In this subsection, I derive a new measure for bilateral exports in factor contents. Most

past studies, for example influential works by Choi and Krishna (2004) and Davis and

Weinstein (2001), uses a conventional definition for (bilateral) factor export, which is

the domestic factor content embodied in bilateral gross export flows (or gross exports to

all other countries). In brief, the conventional measure is a decomposition of the gross

export between country i and j, denoted by Xij . Based on the production technology

of the exporting country i, a domestic factor cost share matrix Ψi is computed which

contains the share of value-added by domestic labour and capital in producing $1 of each

kind of product (see also footnote 1). Applying this matrix to gross export, and the

conventional bilateral factor export is derived as ΨiXij (see also chapter 2 of Feenstra

2003).3

In this paper I propose a different measure of bilateral factor export. Formally, the

export of factor f from country i to j, denoted by Ef
ij , is defined as the value-added

that is generated by the tasks using factor f in country i that are ultimately absorbed as

final consumption4 in country j. Intuitively, I investigate how the final consumption of

country j is made in globalized production, and what are the contributions by country

3. In many studies in international economics, the domestic factor cost share matrix Ψi are referred
to as “technology matrix”, and is annotated by the symbol “A”. This may create confusion due to a
collision with the usual terminology in input-output literature, in which matrix A is reserved for the so-
called technical matrix that contains input-output coefficients. As I will discuss below, the A matrix in
the IO literature is different from the technology matrix in international economics. Since IO analysis is
the core in deriving my new measure of bilateral factor exports, I adopt the terminologies of IO literature
in my equations.

4. For simplicity in the expression, this paper uses “consumption” and “final use by a country”
interchangeably, i.e. “consumption” in this paper refers to the summation of a country’s household use,
government consumption and investment in the national account.
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i’s factors. It is an extension to Johnson and Noguera’s (2016) measure of bilateral value-

added export, and is also related with Johnson and Noguera (2012) and Timmer et al.

(2014) who measure total value-added from each country to the rest of world. But as I

will show in this and the next sections, the derivation and the empirical estimates of the

new measure of bilateral factor exports are very different from the conventional measure

in the current literature.

To calculate my new measure of bilateral factor export, the following three sets of

data are required: the so-called global input-output technical matrix, denoted by A;

the final consumption by each importing country j, denoted by dj ; and direct factor

intensity vectors vf which measure the direct value-added contribution5 by each factor

f in producing unit value of product from each country industry. The structure of data

will be explained in detail alongside the discussion of the derivation of the new measure.

The first two sets of data are obtained from the World Input-Output Database (WIOD),

and the last one is from WIOD’s accompanied Social Economic Account dataset (SEA);

more details on data source will follow in the next subsection.

The derivation of the new measure can be considered as a “backward-tracing” strat-

egy. Its starting point is not trade flows between countries, but instead the bundle of all

final consumption by the importing country j, dj , and then input-output analysis is used

to identify the origins of value-added embodied in j’s consumption. Assume there are N
countries in the world and each country has G industries, dj is a column vector with NG
elements, each of which captures the value of final goods (or services) consumed by j that
are finalized by a certain country-industry in the world. To put it clearer, in calculating

the bilateral factor export from country i to j, one needs to investigate not only country

j’s imports of final products from i, but also j’s consumption of all final goods from all

countries, including the consumption of products that are finalized by j itself. This is

because the products made by any country in the world may directly or indirectly use

the intermediate inputs that contain the value added by country i’s factors.

The next step is to calculate the gross output in the world that is directly and in-

directly linked with the final demand of j. This requires the global technical matrix

A, which provides the information on the use of intermediate goods in the production

of each country industry. In table 2.2 I show the structure of the global input-output

technical matrix. It has the size of (NG × NG), with each element A(j,y)

(i,x) representing

the value of intermediate goods from country i’s industry x that is directly used in pro-

ducing $1 gross output in j’s industry y. If someone demands $1 of final product made

by country 1, industry 1, the required direct intermediate inputs is given by the first

column of the global technical matrix A. Namely, one needs intermediate inputs worth

A(1,1)

(1,1) made by country 1 industry 1, A(1,1)

(1,2) by country 1, industry 2, ..., and A(1,1)

(N,G) by

country N , industry G. In matrix form, the vector of required direct intermediate inputs

is therefore A[1, 0, · · · , 0]′. Similarly, the direct intermediate inputs in producing $1 final

goods in country 1 industry 2 is given by the second column of A, i.e. A[0, 1, 0, · · · , 0]′,
etc. Therefore, it is not difficult to see that in order to produce the final demand dj , the

required amount of direct intermediate inputs is given by Adj .

5. i.e. the value that is directly added by a factor in a given stage of production, which does not
include any upstream factor embodied in intermediate goods.
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Table 2.2: The structure of Global Technical Matrix A

Direct intermediate goods used in producing $1 output in

Country 1 · · · Country N

Ind 1 Ind 2 · · · Ind G · · · Ind 1 Ind 2 · · · Ind G
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(N,1) A(1,2)
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(N,1) A(N,1)
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In order to produce these intermediates, one further demands other direct intermedi-

ate inputs, which is given by A (Adj) = A2dj . This process continues and a total gross

production of dj + Adj + A2dj + A3dj + · · · + A∞dj is required to deliver the final

goods dj to satisfy country j’s final demand. For well-behaving input-output tables, it

can be shown that this infinity summation converges to:

y(dj) =

∞∑

k=0

Akdj = (I −A)
−1

dj . (2.1)

The term (I −A)
−1

is the famous “Leontief Inverse” (Leontief 1953), in which I is the

identity matrix with the size (NG×NG).

For the sake of clarity, two things are worth mentioning at this point. Firstly, the

global technical matrix A used in my measure is different from the domestic technical

matrix that is used by Davis and Weinstein (2001) and Krishna and Choi (2004). The do-

mestic technical matrix of a country i, AD
i , only contains the information on i’s domestic

industries’ usage of intermediate inputs that are produced by other domestic industries.

It has the size of (G ×G), and is a sub-matrix on the main diagonal of the global tech-

nical matrix. For instance, the upper-left (G × G) block in A is the domestic technical

matrix for country 1, et cetera. Domestic technical matrices do not provide information

on traded intermediates. Assume that the production in Chinese metal industry makes

use of imported Russian minerals. This is recorded by a positive A(CN,Met)

(RU,Min) which is an

element from the off-diagonal blocks of A and is absent from both Chinese and Russian

domestic technical matrices. As I will show later, the neglection of traded intermediates

in the conventional measure may lead to confusing pattern of factor trade. Secondly,

although the global technical matrix A is one single matrix, it does allow different pro-
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duction technologies across countries. This is because domestic technical matrices AD
i

of each country is represented by different (G × G) sub-matrices in A, such that the

input-output coefficients differ across countries. I do not make prior assumptions about

production technology in each country; the methodology here should be distinguished

from Bowen et al. (1987) and Trefler (1993, 1995) who assume all countries’ production

technologies are the same as that in the U.S.

The vector of total gross output y(.) can be linked with the value added by each

factor, using the NG-element vector vf that captures direct contribution by factor f in

producing $1 of gross output in each country industry. Diag(vf ) is an (NG×NG) matrix

with elements of vf on its diagonal line, and all off-diagonal elements are zero. It can

be shown that Diag(vf )y(dj) represents the usage of factor f in each country industry

that are required in producing the final goods for country j. To obtain the new measure

of factor export from country i to j, one takes the summation of all factor contributions

in Diag(vf )y(dj) that belong to country i. This is done by the pre-multiplication by

a summation vector ι′i = [0, 0, · · · , 1, 1, · · · , 1, 0, · · · , 0], which has NG elements; the

elements equal 1 for industries in country i, and zero otherwise. Therefore, the full

equation I use to obtain export of factor f from country i to j is:

Ef
ij = ι′iDiag(vf )y(dj)

=
[
ι′iDiag(vf ) (I −A)

−1
]
dj . (2.2)

Empirically, direct factor intensity in each country industry, say vf(i,x), is calculated by

the factor payment to f in country i industry x, divided by its gross output. Relevant

statistics are available in the SEA dataset of the WIOD project.

The derivation of the new measure of bilateral factor export, as shown in equation

2.2, can be viewed as a “conversion” from the consumption bundle of country j to the

factor content of i; the term inside the square bracket captures the cost share of country

i’s factor f in the whole value chain of products finalized in each country industry. From

a first sight, this may look similar as the conventional measure, so before moving on to

the data and empirics, it is worthwhile to first compare the difference in two measures’

mathematical derivations.

The conventional measure can also be derived using input-output algebra, for example

Wahl (1961) and Choi and Krishna (2004)6 calculate their bilateral factor trade indicator

using similar equations as:

DiX
f
ij =

[
ι′Diag(v

f
i )
(
I −AD

i

)−1
]
Xij . (2.3)

I use DiX to denote the conventional measure, which is the abbreviation for its definition:

domestic factor in gross export. In equation 2.3, v
f
i is a G-element subset of vf that is

associated with direct factor intensity in country i’s industries. Identity matrix I now

6. See equation (3) in Choi and Krishna (2004). The symbol of their equation have been re-written to
make it comparable with other equations in this paper. And also note that they calculate the quantity of

bilateral factor export, so in their equation the term v
f
i is replaced by q

f
i which stands for the quantity

of factor f that is directly used in producing $1 gross output in each industry of country i.
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has the dimension of (G ×G), and ι′ is a row vector with G elements and all elements

equal one. It is a conversion of bilateral gross export flow; denoting the terms inside

the square bracket as Ψi and one obtains the familiar equation DiX
f
ij = ΨiXij in the

international economics literature.

Regardless of the similar outlook, the two measures are intrinsically different, and

the matrices in equations 2.2 and 2.3 have different dimensions. In the new measure, the

“target” to be decomposed is all final consumption of the importing country j, including
the products that are not finalized in i. As discussed above, this is because other countries

may produce and export final goods to j that direct or indirect use imported intermediate

inputs from country i. In addition, the “conversion matrix” (i.e. the square bracket

of equation 2.2) used the information about production technologies in all countries,

which is necessary in tracing country i’s factor content that reach j indirectly via the

processing of third countries. As a comparison, the “target” in the conventional measure

is gross exports between i and j, which is a mixture of both exported intermediate and

final goods. The “conversion” is based on the domestic production technology of the

exporting country only; it does not use any information on the supply and use of traded

intermediates. This makes the conventional measure unsuitable to deal with globalized

production and offshoring. Section 2.3 will provide a non-technical illustration about

how bias of the conventional measure arises in global value chains, and will show that

the disparity of two measures based on real world data.

2.2.2 Data

To build my bilateral factor export indices, I use the newly available World Input Output

Database (Timmer et al. 2015, 2013 release) as the primary data source. WIOD covers

40 countries in the world including most of the developed countries and major emerging

economies (Brazil, China, India, Indonesia, Turkey, Russia, and all Eastern European

countries in the European Union), as well as a Rest-of-World estimate such that the

production structure of the whole world is documented. It provides multi-regional input-

output tables annually from 1995 to 2011. The multi-regional IO tables contain the

information on final use of each country, international trade in both final goods and

intermediate inputs, and the usage of domestic as well as imported intermediate inputs in

the production of each country/industry. The supplementary Socio Economics Account

(SEA) dataset in WIOD contains the factor usage data in each country/industry from

1995 to 2009, which allows me to further decompose traded value-added into factor

contributions in this time period.

The registry of imported intermediates is crucial for the derivation of my new measure

of bilateral factor exports. Past research on factor trade relied on domestic IO tables

in which all imported intermediates are either ignored, or merged to a single entity

such that the country/industry of origin of the intermediates cannot be identified. The

identification is possible in multi-regional IO tables likeWIOD. In its construction, WIOD

uses various official data sources like the detailed bilateral WTO trade data in goods and

services at 6-digit level that allow the distinction between trade in final goods (services)

and intermediates. In combination with the existing domestic IO tables for each country
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and other country-industry level statistics, WIOD provides a mapping that links the

domestic industries that use imported intermediates with the foreign countries/industries

in which the relevant intermediates are made. Therefore, the indirectly exported factors

that are embedded in traded intermediates can be correctly accounted for.

I am aware of other alternative data sources that are currently available, among oth-

ers the Eora MRIO database, the Global Trade Analysis Project (GTAP), and OECD’s

Trade in Value Added (TiVA) project. Eora MRIO (Lenzen, Moran, Kanemoto, and

Geschke 2013) has the most detailed industrial classifications, and it covers virtually

all countries in the world. However it does not have a coupled supplementary dataset

that allows the decomposition of industrial value-added to the contribution by different

factors. Moreover, a large share of estimates in the Eora input-output tables are not

based on statistical registry, but are extrapolated from optimization algorithms in order

to maximizing the fitness of international trade flows; this extrapolation procedure may

not be consistent with the actual input-output structure of each country. GTAP includes

around 100 countries and covers a longer time period than WIOD. The GTAP project

itself only consists of the domestic IO tables of each country. Recent research, like John-

son and Noguera (2012), merges these national IO tables with bilateral gross export data

to construct multi-regional input-output tables that can be used in estimating bilateral

factor trade. The problem with GTAP is that for many countries the input-output coef-

ficients are extrapolated based on one benchmark national IO table, and it assumes that

the intermediates usage structure of these countries stays unchanged for all years. The

exact benchmark years are not the same across countries which vary between somewhere

in the 1990s to 2000s. Problems may arise if, for example, the offshoring from country i
to j takes place since 2000, but the benchmark domestic IO tables are based on the year

1995 for i and 2005 for j. The IO tables in WIOD, on the other hand, are constructed

using the national IO tables of multiple benchmark years for most of the countries, which

is expected to provide a more consistent estimate for the global production structure over

a long time period. An additional advantage of WIOD is that its supplementary dataset

allows the decomposition of labour content into the contribution by low-, medium- and

high-skilled labour according to the workers’ educational attainment, while GTAP only

decomposes industrial value-added into capital, and labour income.

WIOD input-output tables also have two notable limitations. Firstly, WIOD does not

have separated entries for processing exporters and regular firms. Firms in processing

trade usually have very different technology and input-output structures when compared

with other firms (Koopman et al. 2012). This issue has been addressed in the Inter-

Country Input-Output (ICIO) tables in OECD’s TiVA project. ICIO is constructed using

a comparable methodology as WIOD, but for China and Mexico ICIO tables provides also

a decomposition between domestic-selling firms, regular exporters, processing exporters,

and service exporters. Specifically, ICIO treat different types of firms within an industry

as if they were different industries, such that each type of firms has its own input-

output coefficients. In this paper I use WIOD database, since the ICIO dataset is still

preliminary; a major update is expected around 2018.7 In addition, the ICIO dataset

does not have a coupled dataset on factor usage, therefore the decomposition of value-

added export into factor content is not possible.

7. See http://www.oecd.org/sti/ind/measuringtradeinvalue-addedanoecd-wtojointinitiative.htm
for details. Accessed on 2017-MAR-02.
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The second concern on WIOD is the so-called “proportionality” assumption that is

used in matching import flows of intermediate goods with the use by each domestic indus-

try. Under proportionality assumption, imported intermediates from different countries

are evenly assigned to industries according to the share of imported intermediates that

each industry uses. For instance, assume the trade statistics show that China imports

$1 billion of steel from Germany and $2 billion from Japan, and industrial statistics

show that Chinese automobile uses $1 billion imported steel while machinery uses $2

billion. Since automobile uses one third of of the imported steel, under proportionality it

is presumed that that Chinese automobile sector uses $1/3 billion of imported steel from

Germany and 1/3× 2 = $2/3 billion from Japan. However, it might be the case that all

$1 billion German steel is used by Chinese automobile industry, and all $2 billion from

Japan in machinery. To the best of my knowledge, the Asian Input-Output Table by

IDE-Jetro – covering 9 East- and Southeast-Asian countries and the U.S. – is the only

multi-regional IO table that is constructed without proportionality assumption. Instead,

it assigns imported intermediates to different domestic industries based on firm survey

data. Using IDE-Jetro data, Puzzello (2012) shows that proportionality assumption af-

fects the accuracy of factor exports by each industry, but the estimating error is limited

in the factor exports by each country (i.e. factor export by all industries from a country).

Before moving on to the next section, it is worthwhile to mention that in this paper

I study the value of factor export, therefore my tests in the following sections are differ-

ent from Helpman (1984), Choi and Krishna (2004), and Lai and Zhu (2007) that focus

on the quantity of factors exported. These papers explicitly assume that factor price

equalization does not hold, and aim to test whether the bundle of tasks that a coun-

try purchases from its trade partner will be more expensive when the country performs

these tasks on its own. I focus on a different research question which is about the role of

endowment structure in determining the pattern of bilateral factor trade. Although it is

also possible to derive the quantity of bilateral factor export using WIOD database, there

is no suitable measure for the efficiency of each factor in each country. Choi and Krishna

(2004) uses 8 OECD countries and assume efficiency to be identical; this assumption

is not feasible for the WIOD database which includes countries at very different stages

of development, and the estimation of factor efficiency is beyond the scope of this pa-

per. Lai and Zhu (2007) focus only on the last stage of production. They estimate the

productivity of each country industry based on the assumption that there is only one

single, identical, and free traded intermediate input; this is contradictory to the story of

globalized production, however.

2.3 The Comparison with the Conventional Measure

of Bilateral Factor Exports

As discussed in the previous section, the conventional measure of bilateral factor export

ignores the structure of globalized production. When offshoring is pervasive, it is less

capable to capture the underlying economic activities that has been exchanged between

countries behind the trade in products. In general, within a particular GVC, depending

on the positions of two countries in the production process the conventional measure
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may systemically over- or underestimate the bilateral factor export between them, and

the estimating error is expected to increase when the GVC becomes more complex. This

will be illustrated using a simple and non-technical example based on a fictional value

chain. In the aggregation, the difference between the conventional and new measure is

dependent on the overall positions of countries in globalized production. I compare the

two measures using real world data, and I will show that the disparity is large and widely

observed.

Consider a Japanese firm that produces a machine which is sold to U.S. customers.

Three tasks are needed in production. The metal parts are produced by capital goods,

an electrical circuit board is developed by high-skilled labour, and low-skilled labour

assembles the machine. For simplicity I assume that each task requires 1 unit of a factor.

Initially all tasks are performed in Japan. Unambiguously, both the conventional measure

and new measure will register the export of all the relevant factors from Japan to the U.S.

But if the Japanese firm re-allocates assembly to China, the two measures of bilateral

factor export will differ. Recall that my new measure relies on the identification of the

origin and the final destination of consumption of the values added by each factor. It

will therefore record the export of 1 unit of high-skilled labour and 1 unit of capital from

Japan to the U.S., and 1 unit of low-skilled labour from China to the U.S.; Japanese low-

skilled labour in the assembly line is replaced by the Chinese, so the same substitution

will happen in the factor export. However, the conventional measure will yield a very

different picture of factor trade, and the result is sensitive to the exact organization of

the production.

Assume the firm first produces and ships both metal parts and the circuit to China for

assembly, and the assembled final products are directly exported from China to the U.S.

Table 2.3.A summarizes the gross export flows, and the conventional measure of bilateral

factor export, i.e. the domestic factor content embedded in gross export. By deducting

the values of imported intermediate inputs from the exported machines, the conventional

measure correctly captures the Chinese factor export to the U.S. However, there is no

export of Japanese factor to the U.S., since there is no direct export flow between these

two countries. Instead, Japanese high-skilled worker and capital appear as the export

to China which is the country of further processing but not the ultimate destination of

consumption. What is more, the outcome of the conventional measure changes when the

Table 2.3.A: Bilateral Export Flows of Products and Factors

Country Pair Gross Export Flows
Embedded Domestic Factor

(Conventional Measure)

Japan → China Metal parts, Circuit 1 High-skilled Labour, 1 Capital

China → U.S. Machine (fully finished) 1 Low-skilled Labour

production chain is organized in an alternative way, even when all countries are still doing

the same tasks. Consider that the Japanese company now worries about its technology

inside the circuit; it ships only the metal parts to China for assembly, and the assembled

machine is shipped back to Japan for the installation of circuit board before exporting

to the U.S. In principle, the change in the sequence of production should not affect the

estimates for factor export. But as shown in table 2.3.B, the picture from the conventional

measure changes considerably. Since circuit becomes the last stage of production, the
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Japanese high-skilled labour is registered as the export to the U.S. However, the export of

Japanese capital is still wrongly assigned to China. And in the new situation there is no

longer a direct trade link between China and the U.S., as a result the Chinese low-skilled

labour is recorded as the export to Japan. In a strict sense, the disparity between two

Table 2.3.B: Bilateral Export Flows of Products and Factors

Country Pair Gross Export Flows
Embedded Domestic Factor

(Conventional Measure)

Japan → China Metal parts 1 Capital

China → Japan Machine without circuit 1 Low-skilled Labour

Japan → U.S. Machine (fully finished) 1 High-skilled Labour

measures may not be viewed as an “error” since they are defined in different ways. But

it is doubtful whether the conventional definition of bilateral factor export, being widely

used in the literature, is the most suitable option for economic research under globalized

production. In general, the conventional measure only correctly registers the factor

export that is related with the final country of completion. The export of factors that

are deployed in upstream countries are potentially biased in the conventional measure due

to its lack of capacity in tracing offshoring and traded intermediates. Some factor exports

reach the final destinations indirectly in the sense that they are first embedded in exported

intermediates to a third country for further processing. Such indirect export cannot

be captured in the conventional measure; therefore it underestimates the factor exports

between upstream countries and the final destination of consumption. On the other hand

factor exports into the countries that processes intermediate inputs are systematically

over-estimated. The factors embedded in imported intermediates will leave the countries

of processing for their final destinations (or to other countries for further processing),

but this “departure” will not be recorded by the conventional measure.

When there are only two instead of multiple countries in the world (or when one anal-

yses the domestic country and rest-of-world), it seems that the problem of indirect factor

export does not exist – if one country exports anything, it must directly be the import

of another due to the construction of a two-country world: one cannot find a “third”

country who performs processing trade in between. Being seemingly plausible, this argu-

ment is, however, incorrect. When the production process is fragmented across the two

countries, the conventional measure still suffers from a problem of “returning exported

factors”, which is in analogy to the indirect factor export discussed above. Effectively,

if the domestic country outsource some processing stages to the foreign country, the for-

eign country becomes the “man in the middle” between domestic factors in upstream

industries and domestic final consumption. In the appendix I provide a non-technical

and highly realistic example with two countries. The developed country outsources low-

skilled tasks to developing country, but the conventional measure mistakenly suggests

that the developed country is the largest exporter of low-skilled labour.

It is also expected that the disparity between two measures might be more serious

in the future due to the rise of large multinational firms and trade in services which

frequently use revenue centers in specific countries with a taxation advantage. As an

extreme case, consider that all firms use a tax haven as the intermediating country when

they do cross-border businesses. The conventional measure will appear to be “laundered”
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such that all exported factors go to the tax haven and all imports are from the tax haven;

there will be no factor export between two regular countries (i.e. the countries where

actual production and consumption are taking place).

How large is the difference between the conventional and new measures in the real

world data? Using WIOD database, the two measures of bilateral factor exports can

be computed using equations 2.2 and 2.3, respectively. I find their disparity is large in

many country pairs. In figure 2.1 I plot the density distribution between the ratio of the

conventional and new measures in 2007. The ratio of DiX
f
ij/E

f
ij is distributed with a

mean of 0.935 and medium of 0.893, so “on average” it seems that these two measures are

close to each other. However, for each single observation the probability is high that the

two measures differ largely from each, as revealed by the large variation in the density

plot. About half (48%) of the observations have a DiX
f
ij/E

f
ij ratio below 0.75 or above

1.25, and about one fifth (18%) if the observations have the ratio below 0.5 or above 1.5.

To put it otherwise, if one randomly picks a pair of trading partners, in half of the cases

the mismatch between the new and the conventional measure is larger than 25%, and

there is a probability of almost 1/5 that the difference exceeds 50%.

Large mismatches between two measures are also widely found in the trade between

pairs of large countries, for example between Russia and the U.S., and in some circum-

stances the difference can be enormous. The largest disparity throughout the period

covered by this research is observed in the export of low-skilled labour from Turkey to

Cyprus in 1995. The ratio of DiX
f
ij/E

f
ij was only 0.002, which implies that the indirect

factor export from Turkey to Cyprus is 500 times bigger than the Turkish low-skilled

labour embedded in the direct export flows to Cyprus. It is most probably due to the

trade embargo between Turkey and Cyprus due to the Cypriot war such that most of the

Turkish value had to reach Cyprus indirectly via a third country. The ratio of DiX
f
ij/E

f
ij

suddenly increased to around 0.4 during 2003 to 2004, which coincides with the timing

that Cyprus joined the EU and new regulations were applied. This story is an exceptional

case which is mainly driven by politics. Nevertheless it provides an example how indirect

exports affect the misestimation of the conventional measure, and a similar outcome will

arise in global value chains and entrepôt trade.

To see how the location of a country in the global value chain will affect the estimating

bias of the conventional measure, I consider the export of low-skilled labour from Russia

and China. Russia’s export is dominated by natural resources which are located upstream

of GVCs.8 It is expected that factor exports from Russia might travel through one or

multiple countries of processing before reaching its final destination, which implies a

large overestimation of conventional factor exports to processing countries, and a large

underestimation to the countries of final consumption. On the other hand, Chinese low-

skilled workers that are related to trade are largely deployed in textile, machinery and

electronics value chains that make or assemble final products. These are mostly the

final tasks in the GVCs that can be correctly captured by the conventional measure

of factor exports, so the disparity between the two measures is expected to be small.

In Table 2.4.A and 2.4.B I report the ratio of DiX
f
ij/E

f
ij for the Russian and Chinese

exports of low-skilled labour to different countries. The result in Table 2.4-A confirms

that the conventional measure underestimates factor export by a large margin between

8. Minerals and oil have a share of 43.3% in Russia’s gross exports in 2011 (Soruce: WIOD).
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Figure 2.1: Density Distribution of the Ratio between the Conventional and New

Measures of Bilateral Factor Export (DiX
f
ij/E

f
ij)
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Notes: Based on author’s own calculations using the WIOD dataset for the year 2007. DiX
f
ij

is the conventional

measure calculated based on equation (2.3), and E
f
ij

is the new measure calculated using equation (2.2). The

observations for different factors are pooled since the distribution patterns are highly similar across factors.
There are some observations with extreme discrepancies in the two measures, therefore only the observations
within the 1st to 99th percentiles are shown in the density plot.

Russia and many of its trade partners; for example the conventional measure of Russia’s

low-skilled labour exports to the U.S. is just 42% compared with the new measure. On

the other hand, Russian factor exports to Finland, the Netherlands, and Slovakia are

largely overestimated; these countries seem to play the role as an “entry point” for

Russian natural resources as well as other products to other Western countries. As a

comparison, Table 2.4-B shows that there are indeed much smaller differences between

the two measures in Chinese exports of low-skilled labour; the variation in DiX
f
ij/E

f
ij is

about half compared with the case of Russia.

On the other hand, the conventional measure will overestimate factor export to the

country which processes imported intermediates. To see this, I look at the factor export

from several developed economies into China. Many firms in the developed world have

outsourced assembly or other low-skilled tasks to China. It brings a large import flow of

intermediate inputs, but many of the final products are sold back to western countries.

When the scale of offshoring increases the mismatch ratio of DiX
f
i,CN/E

f
i,CN is expected

to rise. To show this type of misestimation in a clearer way, in figure 2.2 I investigate

the changes in DiX
f
i,CN/E

f
i,CN over time for the export of high-skilled labour by Korea,

Taiwan, the U.S., and the Netherlands. The figure shows that the ratio between the

two measures was stable until 2000, but has increased rapidly afterwards. This finding

is important since its timing coincides with China joining the WTO in 2001 after which

the offshoring to China has increased tremendously (Xu and Lu 2009).
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Table 2.4: The Ratio of the Conventional and New Measures of Factor Export (%, 2007)

A - The Export of Low-skilled Labour from Russia

Country DiXL
ij/E

L
ij Country DiXL

ij/E
L
ij Country DiXL

ij/E
L
ij Country DiXL

ij/E
L
ij

Australia 4.9 India 50.0 Latvia 90.0 Hungary 126.2

Mexico 15.6 Ireland 58.1 France 92.6 Poland 129.1

Portugal 18.5 Cyprus 58.3 Taiwan 99.9 Sweden 129.2

Indonesia 22.1 Denmark 58.9 Romania 102.8 Lithuania 132.3

Canada 23.6 Slovenia 73.1 China 103.0 Czech 133.4

Luxembourg 32.9 Austria 73.6 Greece 103.3 Estonia 138.0

Malta 38.8 Belgium 74.2 Italy 103.9 Finland 185.8

Brazil 40.9 Japan 81.0 Korea 111.1 Slovakia 186.8

U.S. 42.2 Bulgaria 86.0 Turkey 121.1 Netherlands 239.5

U.K. 45.0 Spain 90.5 Germany 123.7 Std. Dev 51.2

B - The Export of Low-skilled Labour from China

Country DiXL
ij/E

L
ij Country DiXL

ij/E
L
ij Country DiXL

ij/E
L
ij Country DiXL

ij/E
L
ij

Slovenia 61.2 Brazil 87.8 Denmark 99.5 Netherlands 118.4

Latvia 61.3 Spain 89.7 Germany 101.5 Mexico 120.0

Portugal 67.7 U.S. 90.0 Japan 102.1 Malta 120.1

Romania 71.5 Russia 90.1 Poland 104.5 Korea 130.4

Lithuania 71.6 Austria 90.5 Indonesia 105.1 Ireland 133.7

Greece 71.8 Italy 91.9 Slovakia 106.0 Czech 152.6

Cyprus 81.7 Australia 95.2 India 107.9 Hungary 171.3

U.K. 86.5 Sweden 96.1 Finland 110.8 Taiwan 175.6

France 86.8 Turkey 96.9 Estonia 111.8 Luxembourg 182.6

Bulgaria 87.8 Canada 99.4 Belgium 111.6 Std. Dev 28.9

Note: Panels A and B report the ratio of DiXL
ij/E

L
ij for the factor export of low-skilled labour from Russia

and China. The conventional measure, i.e. the domestic factor content embedded in the bilateral export flows,

denoted by DiXf
ij
, is derived using equation 2.3, and Ef

ij
is the new measure introduced in this paper and is

calculated using equation (2.2). The cell “Std. Err” reports the unweighted standard deviation in DiXL
ij/E

L
ij

between Russia (China) and all its 39 trading partners. All the results are based on WIOD dataset and the
year of 2007.

2.4 Testing the Role of Factor Endowments in the

Direction of Net Bilateral Factor Trade

2.4.1 A Simple Testing Framework

Does the pattern of bilateral factor trade align with the endowment structures of country

pairs? In this section I perform a test on the direction of net factor export bilaterally

between countries. Consider a pair of countries, standard theories predict that the one

with a higher relative endowment of a factor f should be the net exporter of this factor.

How strong is the predictive power of this simple hypothesis? To have a systematic

analysis, the theoretical background of my test makes use of the so-called consumption

similarity condition posed in Trefler and Zhu (2010). Let Qx
i denote the total final

products or services that are finalized in sector x of country i, and Qx
ij the respective
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Figure 2.2: Mismatch of the Conventional Measure in the Factor Export

of High-skilled Labour into China (DiXH
i,CN/E

H
i,CN × 100%)
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Notes: Based on author’s own calculation using the WIOD dataset. The graph shows the mismatch of two

measures (i.e. DiXf

i,ij/E
f

i,ij × 100%) from 1995 to 2009 for the factor export of high-skilled labour from Korea

(KOR), Taiwan (TWN), the U.S. (USA), and the Netherlands (NLD) into China, in the period from 1995 to
2009. The y-axis on the left-hand side is for Korea and Taiwan, while the y-axis on the right-hand side is for
the U.S. and the Netherlands.

consumption by country j, then the consumption similarity condition is given by:

Qx
ij = cjQ

x
i ∀i, j, with cj = Cj/YW . (2.4)

The condition states that each country j consumes a fixed share cj of all kinds of final

products that are available in the world, and cj is the share of country j’s consumption in

world GDP. Equation 2.4 may arise under standard assumptions that are frequently being

made in the international economics literature. Consider, for instance, the love-for-variety

model in Krugman (1980). Consumers are assumed to have a homothetic preference that

is identical across countries, and firms produce differentiated products in a monopolistic

competition. When trade is frictionless, consumer will evenly spread the expenditure on

all final products that are available in the world market. The export of sector x from i
to j therefore is related with the share of country j’s consumption expenditure in world

consumption (equivalent to world GDP) and the final goods country i’s sector x is able

to offer, so one obtains the consumption similarity condition in equation (2.4).

The factor export from country i to j, as defined in this paper, is the summation

of the factor content contributed by country i that is embedded in all final products

9. It is assumed that ρif
kx

is fixed for each product x finalized in k, and is independent of the consuming
country. To put it another way, the production structure and value-added composition is the same for all
final products of an industry in a country, regardless of whether the products are for export of domestic
consumption.
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consumed by j, namely:

Ef
ij =

∑

k

∑

x

ρifkxQ
x
kj . (2.5)

In the equation ρifkx denotes the value generated by country i’s factor f that is embedded

in one unit of product x finalized in country k.9 Note that the summation is over any

country k which includes the consuming country j itself, since any country may directly

or indirectly use the intermediate inputs from country i. When consumption similarity

holds, the predicted bilateral factor export from i to j can be obtained by plugging

equation (2.4) into (2.5):

Ef
ij =

∑

k

∑

x

ρifkxQ
x
kj =

∑

k

∑

x

ρifkxcjQ
x
k

= cj

[∑

k

∑

x

ρifkxQ
x
k

]
= cjV

f
i .

(2.6)

The term inside the square bracket is the summation of value added by country i’s factor
f that is used in all final products in the world, which by construction of the data equals

the total value of factor endowment f in country i (denoted by V f
i ). Therefore, equation

(2.6) states that when consumption similarity holds, the predicted factor export from i
to j equals the share of country j’s consumption in the world, times country i’s factor

endowment.

In the rest of my paper I will base my tests on the simple factor export prediction in

equation (2.6). There might be some other alternative models giving rise to consumption

similarity. In some models the consumption similarity in products (i.e. equation 2.4) is

violated but one still obtains factor consumption similarity of equation (2.6), for example

in a love-for-intermediates-variety model similar to Ethier (1982). Due to the aim of my

research and its limited scope, I am not proposing new trade theories, nor do I try to

distinguish different theoretical models that give rise to the same factor consumption

similarity prediction. My study tries to contribute mainly on the empirical side. The

message I would like to address is that bilateral exports between countries, when viewed

from the angle of factor content and measured properly, are still consistent with the

endowment-driven view in standard neo-classical trade theories in the recent decades

with pervasive global production fragmentation and offshoring.

Equation (2.6) yields a simple testable equation on the direction of net factor trade

bilaterally between countries. Following the definition of bilateral factor export in this

paper (i.e. equation 2.5), the net factor trade between i and j is defined as the difference

between Ef
ij and Ef

ji. Using equation (2.6), it can be re-written as:

NEf
ij = Ef

ij − Ef
ji = cjV

f
i − ciV

f
j = (Cj/YW )(sfi Yi)− (Ci/YW )(sfj Yj)

=

(
Cj

Yj
sfi −

Ci

Yi
sfj

)
YiYj

YW
=
(
τjs

f
i − τis

f
j

) YiYj

YW
.

(2.7)

I use sfi to denote the income share of factor f in country i’s GDP, i.e. sfi = V f
i /Yi,

and τi to denote the consumption to GDP ratio Ci/Yi which reflects the trade balance
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of each country.10 When τi is larger than unity, it indicates that the value consumed by

country i is larger than the value it generates, therefore the country is running a trade

deficit; vise versa τi < 1 indicates a trade surplus.11 The sign of the net factor export

between two countries is then determined by the term in the bracket of (2.7). When both

countries are running a balanced trade (or having a same level of trade deficit/surplus),

the country with a higher relative endowment of a factor f is predicted to be the net

exporter of f in their bilateral trade. A larger τi, i.e. a larger trade deficit, is negatively

associated with the probability that country i is the net exporter in the bilateral trade

of any factor with any trade partner.

The moderating role of trade balance in predicting net factor export is intuitive,

since a higher trade deficit implies that the country may systematically import more

from any country for any factor. The sign test here should not be confused with Leamer

(1980) who identifies whether a country is labour or capital abundant based on the factor

composition of its basket of production and consumption; information on trade balance

is not necessary. Namely, if the K/L ratio in production is larger than in consumption,

the country is considered as abundant in capital. My test has a very different aim; in

predicting the direction of net factor export between countries the adjustment of trade

balance is also necessary. To see that, consider a country which consumes much more

than its production and runs a huge trade deficit. In the extreme case, the country may

be a net importer of all factors from all its trade partners, including its most endowed

factor.12

The sign of (2.7) is equivalent to the normalized term of
(
ln s̃fi − ln τi

)
−
(
ln s̃fj − ln τj

)
=

θfi − θfj , with s̃fi = sfi /s
f
W representing country i’s endowment structure of factor f rel-

ative to the world average level.13 A sign test can be built by comparing the predicted

direction of bilateral factor export with the actual sign of NEf
ij that is observed from

the data:

Sig(NEf
ij) = Sig(θfi − θfj ). (2.8)

This predicting equation can be viewed as an analogy with the standard Heckscher-Ohlin-

Vanek (HOV) prediction, but in a bilateral setup. Henceforth I refer to equation (2.8) as

the bilateral HOV sign test. My test investigates whether the factor endowment structure

successful predicts the direction of net factor trade between country pairs. Although the

underlying idea is similar as HOV, equation (2.8) is a new test. The testing equation is

10. Recall that “consumption” refers to all final uses by a country (see footnote 4).
11. Note that τ is the overall trade balance of each country and is not the bilateral trade balance with

a particular trade partner.
12. Strictly speaking, the method by Leamer (1980) is an identification for relative abundance and is not

a test for HOV. The main aim of Leamer is to show that the Leontief paradox might be the outcome of
an incorrect method used by Leontief. He compares the K/L ratios in U.S. production and consumption
and finds that U.S. is indeed capital abundant. But if one views Leamer’s comparison of two K/L
ratios as a test, from a logical point of view this “test” requires an ex ante determined premise on each
country’s abundance (in this case: “U.S. should be capital abundant, otherwise there is a paradox”). It
is not possible to construct similar tests on how well the actual factor trade data fits trade theory, unless
one is able to make similar ex ante arguments for all countries without looking into the data.

13. Note that τi equals Ci/Yi which is always positive, we have Sig(τjs
f
i − τis

f
j ) = Sig((sfi /τi −

sfj /τj)τiτj) =Sig(sfi /τi − sfj /τj ), which is equivalent as the sign of (ln sfi − ln τi)− (ln sfj − ln τj). The

normalization of ln s̃fi = ln sfi − ln sfw is the same for both ln sfi and ln sfj ; it will not alter the sign.
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very different compared to Vanek (1968) (see also equation 1 in Trefler and Zhu 2010),

and recall that standard HOV focus on the aggregated net factor export from domestic

economy to all other countries in the world, but not bilateral factor trade. Same as many

standard HOV tests, my sign test also uses actual observed data for trade, endowment,

and production technology, therefore it is a so-called “complete test” according to the

criteria in Feenstra (2011).14 And as discussed above, my sign test is based on different

foundations compared to the sign test in Krishna and Choi (2003) who test whether

trade and offshoring saves costs.

To perform the sign test, one may also compare the actual direction of bilateral factor

trade directly with the term inside the bracket of equation (2.7). But the normalization

in (2.8) is useful since the term θfi is only dependent on the property of a single country

i, and it can be interpreted as the factor export propensity. θfi equals zero if the country

i runs a balanced trade and has the same structure of endowment in factor f as the world

average (i.e. sfi = sfW ); a larger θfi is associated with a higher probability that country i

is the net exporter of f in bilateral factor trade. The score θfi is also comparable across

factors while one cannot directly compare τjs
f
i for different factors.

2.4.2 The Fitness of the Bilateral HOV Sign Test

I report the results of the sign test in table 2.5 for each factor and for each year from

1995 to 2009. The left panel reports the unweighted sign test. The numbers represent

the percentage of country pairs whose actual direction of net factor export is the same

as predicted.15 It shows that the predicted direction of bilateral export in labour factors

is correct for around 80% of the observations, and the performance of the sign test is

quite stable over the years. For the bilateral export in capital content, the fitness is

around 70%. The fitness is considered as quite high in the view that in the literature of

standard HOV sign tests the predictive power is frequently not better than tossing a coin

(i.e. 50%, see Trefler 1995), and high fitness is achieved only after complex adjustments

(Davis and Weinstein 2001).

Note that when the net bilateral factor export is close to zero, whether a country

is a net exporter or importer is more sensitive to measurement errors in the bilateral

factor trade indicators, since in such cases a small change in the value of factor export

(or import) may alter the direction of net trade. To deal with this problem, in the

standard HOV literature a weighted sign test is frequently performed such that each

country gets an importance weight based on the absolute value of its net factor export;

in this way those observations that are sensitive to measurement errors are discounted

(see e.g. Trefler 1995). Following the same idea, I also perform a weighted sign test for

14. Feenstra argues that a HOV test is “complete” if one uses independent data for trade, endowment
and technology; the test is not complete if one kind of data is inferred and calculated based on the other
two sets. For my study, endowment data are taken from the SEA dataset. Although both production
technology and trade data are from WIOD input-output tables, they are constructed based on indepen-
dent sources. Trade related statistics are from UN Comtrade dataset, and the production technologies
are based on national IO tables supplied by each country’s relevant statistical agencies.
15. Since the net factor export (actual and predicted) from i to j and from j to i is exactly the same

in magnitude but opposite in sign, only one direction is counted for each country pair.
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Table 2.5: Bilateral HOV Sign Test, Baseline Specification

Unweighted
Weighted by

Net Factor Trade Flows

Weighted by

Diff. Fac. Exp. Propensity

Year L M H K L M H K L M H K

1995 82.8 83.4 79.3 70.1 92.3 96.9 94.2 75.9 93.7 93.4 90.1 78.7

1996 82.9 83.2 79.4 66.7 93.8 97.0 95.5 76.8 93.3 92.5 90.1 77.0

1997 83.8 81.0 78.5 64.8 91.6 95.7 93.4 70.5 93.5 90.5 88.7 72.5

1998 82.6 82.3 79.6 65.9 92.6 94.2 92.4 71.1 92.9 92.3 90.0 71.7

1999 82.6 83.0 79.5 67.8 94.2 94.2 91.8 83.0 92.8 92.1 89.5 76.6

2000 83.5 82.6 78.9 68.9 95.5 93.1 91.2 85.1 93.0 92.9 89.8 78.4

2001 84.0 83.4 79.1 70.0 95.7 93.5 91.7 85.6 93.5 92.2 89.4 79.2

2002 82.9 81.8 77.8 68.5 95.6 93.0 92.0 83.6 93.2 91.6 89.1 78.8

2003 83.3 83.2 79.1 70.4 95.1 92.0 92.3 83.3 92.9 92.9 89.9 79.8

2004 83.5 82.1 78.4 68.5 95.2 91.1 92.2 83.2 93.5 91.4 89.1 77.1

2005 82.9 82.0 80.0 72.1 96.3 92.7 92.3 87.2 93.5 91.3 89.5 79.5

2006 84.0 82.4 78.5 74.3 96.6 94.1 92.7 88.6 94.4 91.1 89.0 81.6

2007 84.0 83.8 78.8 74.3 95.5 94.3 93.8 88.9 93.8 92.3 89.1 81.6

2008 83.8 85.1 79.3 74.1 96.7 95.3 94.1 90.8 93.8 93.7 89.4 81.1

2009 83.5 83.2 80.6 72.1 94.6 95.4 95.8 87.6 93.9 92.2 89.3 80.9

Mean 83.3 82.8 79.1 69.9 94.8 94.2 93.0 82.7 93.4 92.2 89.5 78.3

Range 1.5 4.1 2.8 9.5 5.0 5.9 4.6 20.3 1.6 3.2 1.4 9.9

Note: The test is build upon equation 2.8 by comparing the actual direction of net factor export between two

countries, and the predicted sign based on the difference in two countries factor export propensity θf
i
. The

first panel is the unweighted sign test, and the numbers correspond to percentage of observations whose actual
direction of net bilateral factor export is same as predicted. In the second panel, each observation is attached

with an importance weight of |NEf
ij
| which is the absolute value of the actual net factor export between two

countries. The third panel uses the importance weight based on the absolute value of their differences in factor

export propensity, i.e. |θf
i
−θf

j
|. In the table, L, M, H, and K represent low-, medium-, and high-skilled labour

and capital. The row “range” reports the difference between the highest and lowest fitness over the 15 years.

my bilateral HOV test, in which each country pair gets an importance weight based on

|NEf
ij |. I report the result of this weighted test in the middle panel of table 2.5. The use

of weights improves the fitness of the bilateral HOV test. The predictive power is around

94% for the three labour factors. The fitness on capital remains at 70% for the years

between 1995 and 1998, but increases to around 85% afterwards, and remains stable at

this high level over the period from 1999 to 2009.

A concern may arise when each observation is weighted by |NEf
ij | that the pairs of

large countries get an overwhelmingly large weight, such that the fitness of the test is

largely determined by a few number of observations. As a result, I also use an alternative

weight based on |θfi − θfj |. The intuition is that the factor trade predictor also suffers

from the observational error problem, therefore the sign prediction should hold with a

higher probability when two countries have very different factor export propensities θfi .
This weight is isolated from country size, such that large country pairs like China and

the U.S. will get a similar weight as Belgium and Bulgaria. But this weighting method

also have its drawbacks since it is more vulnerable to the measurement errors in factor

trade between small countries, since the direction of net factor export is more likely to be
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Figure 2.3: Fitness Curves of the Bilateral HOV Sign Predictions for Each Factor
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Notes: Based author’s own calculation using WIOD dataset for the year 2007. The graph illustrate the
(unweighted) fitness of the bilateral HOV sign prediction for country pairs with different quantiles of the factor

export propensity differences (i.e. |θf
i
− θf

j
|, see also equation 2.8). Country pairs with a large |θf

i
− θf

j
| means

that their export propensity in factor f is very different from each other such that the HOV sign prediction
should, in principle, holds with a higher probability; this has been confirmed in the graph.

overturned by observation errors if the factor trade between two countries is small. The

result of this method is reported in the right-hand-side panel of table 2.5. The export

propensity weighted sign test also yields a higher fitness compared with the unweighted

specification, although the improvement is smaller when compared with the net factor

trade weighted one. But it is important to notice that the export propensity weighted

specification shows a stronger consistency over time and the fitness has less than half of

the cross-year variation compared to the middle panel. This is especially the case for the

three labour factors; when weighted by |θfi − θfj | the difference between maximum and

minimum fitness across the 15 year period is merely 3.2 percentage points.

As an alternative to the weighted sign-test, in figure 2.3 I plot the (unweighted) fitness

of bilateral HOV sign predictions for country pairs with different quantiles of |θfi −θfj |, for
four factors respectively. Figure 2.3 confirms that the fitness of the predicted direction of

net factor export increases if a country pair has a larger difference in their factor export

propensities. The fitness starts low at around 55% for country pairs with the smallest

|θfi − θfj |, but rises quickly as |θfi − θfj | increases. For the three labour factors, the fitness
is above 80% for country pairs with an above-medium difference in their factor export

propensity, and approaches 100% for pairs with |θfi − θfj | in the top 25% quantile. The

fitness of capital is somewhat lower, and stays stable around 70% for the observations

with |θKi − θKj | in the 20% to 80% percentile, and the fitness increases to around 90% for

the country pairs with the largest differences in capital export propensities.
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Table 2.6: Bilateral HOV Sign Test for Subsets of Countries

(1) (2) (3)

Sample

Coverage
Low-income
countries

High-income

countries

Low/high-

income pairs

U
n
w
ei
g
h
te
d L 81.0 83.0 86.1

M 82.7 82.5 84.9

H 71.4 75.4 84.2

K 75.3 72.5 74.4

W
ei
g
h
te
d
b
y

N
et

F
ac
.
E
x
p
. L 94.9 95.9 95.7

M 92.0 95.5 95.5

H 84.6 83.3 98.4

K 84.4 80.0 92.6

W
ei
g
h
te
d
b
y

E
xp

.
P
ro
pe

ns
ity L 91.8 95.6 93.7

M 91.5 90.3 93.5

H 80.6 85.9 92.4

K 82.6 83.2 80.4

Note: Based on the year 2007. The methodology is the same as in Table 2.5 but using different subsets of
country pairs. High income countries are those with a real GDP per capita above $25,000 in 2007, according
to the Penn World Table version 8.0.

Zhu and Lai (2007) find that the theoretical prediction on the direction of factor trade

holds more robustly between countries with very different structures of factor endowment.

To test this, I divide the countries into two sets according to their GDP per capita; a

country is considered as high-income if its real GDP per capita is above $25,000 in the

year 2007, and using this criteria I split the 40 countries and the RoW region in WIOD

into two sets with 22 high-income countries and 19 low-income ones. In table 2.6 I report

the sign test results using the subsamples for the year 2007,16 and the three columns

are for high-income country pairs, low-income pairs, and the pairs between high- and

low-income countries. The most notable result is that the fitness in high-skilled labour

shows a big improvement of around 10 percentage points in the subsample with high- &

low-income pairs and this improvement holds in all specifications. The fitness of factor

trade in low- and medium-skilled labour is similar across all three subsets. The fitness of

capital increases in the high- & low-income pairs subsample when weighted by |NEK
ij |,

but not in other specifications.

2.4.3 Alternative Specifications

All the tests above are based on the consumption similarity assumption that each country

j consumes a fixed share of cj of all available goods in the world. In the literature, it is

16. Much analysis in this paper focuses on the year of 2007, which is the latest year before the breakout
of the subprime crisis that has generated a significant fluctuation in international trade (see e.g. Timmer
et al. 2016). There is no other particular reason for the choice of the year; all results after 1998 are
highly comparable and are available upon request.
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frequently argued that the preference is non-homogeneous across countries. For example

Engel’s law states that the share of food in national consumption decreases as income

per capita grows, and Baumol (1967) argues that the share of expenditure on services

increases as a country develops. To account for heterogeneous demand across countries,

I assume an alternative consumption similarity that each country consumes a share of cfj

of all available factor f in the world (i.e. cfj =
(∑

i E
f
ij/V

f
W

)
), and cfj can differ across

factors. Under this assumption, the factor export from i to j is predicted by Ef
ij = cfj V

f
i .

As I will show in the appendix, heterogeneous preferences can be introduced into the sign

test if the export propensity θfi is replaced by ln s̃fi − ln τi− ln α̃f
i , in which α̃f

i = αf
i /α

f
W

is the country i’s expenditure share of factor f in its total consumption, relative to the

world average level. Say, if a country i has a stronger love for low-skilled labour intensive

products, it leads to a larger α̃L
i which lowers the probability that i is the net exporter of

low-skilled labour in its factor trade with other countries. The results of the preference

adjusted bilateral HOV sign test are reported in the second column of Table 2.7; the

first column is a replication of the baseline specification. It shows that the model fitness

has increased after allowing for heterogeneous preferences, and the improvement is most

visible in high-skilled labour.

Furthermore, the inclusion or exclusion of ln τi in the propensity θfi can also be used

to evaluate the influence of unbalanced trade in predicting the direction of net bilateral

factor trade. While Vanek (1968) originally accounted for unbalanced trade in the HOV

test he proposed, many studies in the standard HOV test assume trade is balanced for

all countries. The third column in Table 2.7 reports the result of a sign test in which I

ignore the trade imbalance and predict the direction of net bilateral factor trade solely

based on two countries’ differences in their relative endowments (i.e. ln s̃fi − ln s̃fj ).
Comparing column (3) with (1), it is evident that ignoring unbalanced trade leads to

a much lower predictive power, especially in high-skilled labour and capital. When

weighted by NEf
ij the fitness of this endowment-only specification increases to 83%, but

it is not robust to alternative weighting since when the export propensity based weights

are used the fitness is still low at 69% only. In column (4) I report the result of the sign

test that adjusts for heterogeneous preferences but keeps the assumption of balanced

trade (i.e. θfi = ln s̃fi − ln α̃f
i ). Interestingly, there is virtually no improvement in the

fitness compared to the endowment-only specification in column (3), and for some factors

the fitness actually decreases. Therefore, although theoretically speaking the adjustment

for heterogeneous preferences should improve the fitness of the sign-test prediction, the

empirical result shows the effect is limited, while the adaptation for unbalanced trade

plays a more important role. It seems to suggest that ignoring unbalanced trade may

be responsible for the poor performance of standard HOV tests in some of the previous

literature.

Lastly, it is also interesting to investigate the fitness of the bilateral HOV sign test

when the conventional measure is used. In appendix table A.1 I replicate the baseline

sign test of table 2.5, but the net factor export between two countries is measured by

NEf,Conv
i,j = DiX

f
ij − DiX

f
ji, in which DiX

f
ij is the conventional bilateral factor export

defined as country i’s factor f that is embedded in the gross export from i to j (see

equation 2.3 for the derivation). I find that when the conventional measure is used, the

average fitness of bilateral HOV sign tests decline for all factors and under all weighting
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Table 2.7: Bilateral HOV Sign Test Using Different Export Propensity Scores

(1) (2) (3) (4)

Specifications Baseline

Adjust for

Heter. Pref.
Endowment

Only
Endowment

+ Heter. Pref.

U
n
w
ei
g
h
te
d L 84.0 87.2 82.1 80.9

M 83.8 85.0 78.5 77.7

H 78.8 84.4 71.2 68.3

K 74.3 79.5 62.2 63.2

W
ei
g
h
te
d
b
y

N
et

F
ac
.
E
x
p
. L 95.5 97.5 94.1 91.3

M 94.3 96.3 93.2 92.6

H 93.8 97.2 86.7 92.1

K 88.9 92.6 83.0 82.6

W
ei
g
h
te
d
b
y

E
xp

.
P
ro
pe

ns
ity L 93.8 95.9 91.7 92.3

M 92.3 94.6 88.5 87.6

H 89.1 92.7 84.0 79.8

K 81.6 87.6 68.7 72.4

Note: Based on the year 2007. The first column is the replication of the baseline specification in table 2.5.
Column (2) to (4) are also based on equation (2.8) but use alternative factor export propensities. The deriva-
tions of the fitnesses of unweighted and weighted sign tests are the same as table 2.5. Column (2) adjusts for
heterogeneity in the consumption preferences across countries and the factor export propensity is modified to

θf
i
= ln s̃f

i
− ln τi − ln α̃f

i
in which the α̃f

i
term represents the (logarithm of) country i’s share of expenditure

in its final consumption that are ultimately paid to factor f . Column (3) predicts the direction of net factor

trade purely based on two countries’ relative factor endowment (i.e. θf
i

= ln s̃f
i
). Column (4) adjusts for

heterogeneity in consumption, but trade is assumed to be balanced (i.e. τi = 1 such that θf
i
= ln s̃f

i
− ln α̃f

i
).

methods. The decrease is small when each observation is weighted by the net factor

export flow (i.e. in the middle panel). However, in the unweighted sign test and in the

specification weighted by export propensities, the fitness for medium- and high-skilled

labour and capital has decreased by around 8 percentage points, which is quite large

in magnitude. It shows that factor endowments of each country are less capable in

predicting the direction of net factor trade as defined by the conventional measure. Or

to put it otherwise, the factor endowment of each country is more closely related to the

new measure of factor trade that identifies the origin and final destination of values that

are added by different factors.

To summarize, in this section I use my bilateral factor trade indicator to perform a

simple sign-test on the direction of net factor trade bilaterally between countries. I find

strong support for the hypothesis that the country with a higher relative endowment in a

factor is the net factor exporter in the country pair after adjusting for unbalanced trade.

The predictive power is particularly high for the three labour factors and a bit lower

for capital, which I think might be related to two potential reasons. Firstly, the capital

income share in a country may not correctly reflect its actual relative endowment in

capital, and this adds noise to the analysis. The mobility of capital is much higher than

labour and the capital return is frequently registered in tax-friendly locations which differs

from the origin where the values are truly added. Secondly, the lower fitness for capital
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might be associated with the construction of socio-economic accounts in the WIOD

database. Capital income in each industry is not directly measured, but is constructed

as the industrial value-added minus labour compensation. Effectively the observational

error in capital is the summation of errors in labour income and total industrial value-

added; therefore the measure of capital has a larger observational error.

2.5 Gravity Equation in Factor Exports: Home Bias

and the Role of Distance

In the previous section, I showed that relative factor endowment has strong predictive

power on the direction of net factor trade between countries when properly measured.

Does factor endowment also predict the volume of trade? How do national borders and

distance affect factor exports and how do these effects change over time? To answer these

questions, in this section I estimate a gravity-like equation on the new measure of factor

exports.

The gravity model, formally introduced in Anderson (1979), has become one of the

workhorses in the international economics literature and yielded a large number of im-

portant empirical studies (see, e.g. Bergstrand 1985, 1989, Feenstra, Markusen and Rose

2001, Anderson and Wincoop 2003). However, the research is mostly conducted on gross

export flows, and to the best of my knowledge there is yet no study that estimates gravity

equation for bilateral factor export. I contribute to the literature by showing that factor

export flows also fit well in the gravity model. Factor export elasticity to the exporter’s

factor endowments is found to be close to unity in all specifications, which suggests the

important role of endowments in determining bilateral factor exports.

Besides the predictive power of endowments on factor trade, I am particularly in-

terested in the so-called “home bias”, which refers to the phenomenon that a country

consumes a much higher amount of her own goods and factors than the volume im-

plied by frictionless trade. Trefler and Zhu (2010) argue that home bias is the most

important reason for the failure of standard HOV predictions. Under free trade in which

the consumption similarity condition holds, the share of domestic factor in consumption

should equal the share of domestic endowment in the world. However, in any country

a substantially higher share of factor consumption is domestic. Even in small countries

like Luxembourg, domestic factors have a share around 50% in consumption, and the

share is much higher in larger countries. Trefler and Zhu (2010) suggest that home bias

arises due to little-traded products (services) that are finalized in four sectors, namely

agriculture, food manufacturing, construction, and government services. They illustrate

that the fitness of standard HOV sign test is close to 100% in a counterfactual dataset in

which one impose consumption similarity on these products (services). However, the test

they perform is on the implication of consumption similarity, but not on the hypothesis

of consumption similarity itself, and their analysis remains silent on the magnitude of

home bias in the economy with or without these little-traded products.

Home bias is related with trade costs; distance plays an important role and has been
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studied in numerous papers. And besides the observable trade barriers, there is also a

large unexplained home bias due to the existence of national borders. Several studies

used gravity model to estimate the magnitude of unexplained home bias, using gross

export data. Wei (1996) uses OECD trade and industrial statistics from 1984 to 1992

and shows that a country’s trade with itself is around 2.5 times of the trade with a foreign

country that is otherwise identical. Chen (2004) analyses the Eurostat data for seven

European countries in 1996. She confirms the existence of home bias, but finds that the

estimates for home bias are sensitive to the measurement of distance; home bias varies

between 1.3 to 3 log scales17 across different specifications. Wolf (2000) and Hillberry

and Hummels (2003) use a similar set of gravity equations to investigate the home bias

in intra- and inter-states trade in the U.S., based on the Commodity Flow Surveys. Both

of them find that home bias also exists in sub-national level as the trade within a state

is much higher than between states.

However, till now there is no break-down analysis that investigates whether the role

of distance varies in the trade of different factors. My analysis is related to the recent

seminal work by Johnson and Noguera (2016) who find that the volume of bilateral

value-added exports is much smaller than gross exports, and the ratio of value-added

export to gross export is decreasing rapidly in recent decades. They also find that the

changes in this ratio are heterogeneous across trade pairs. Largest decreases have been

observed in the pairs of emerging economies, nearby countries, and those with regional

trade agreements. By decomposing value-added trade to factors, I find that distance also

matters in factor trade. Similar as Johnson and Noguera (2016), the effect of distance

has declined from 1995 to 2007. Trade elasticity to distance is lowest in high-skilled

labour and capital; over the 13 year period it also had the largest decline for these two

factors. Home bias is found to be largest in the trade of high-skilled labour and smallest

in low-skilled labour. In contradiction to Trefler and Zhu (2010), I find that home bias is

widely existing in the economy and is not restricted to the four above mentioned sectors.

Estimating gravity equations using factor export data has some measurement and

statistical advantages over the studies on gross export. Note that in order to estimate

home bias, one needs to measure the volumes of trade both between and within each

country. It is hard to find a suitable measure for within-country trade that is comparable

with gross export flows. Current literature mostly follows Wei (1996) who defines within-

country trade as total gross output of a country (not its GDP) minus gross export.

This measure is sensitive to domestic production structures and accounting standards.

Consider a certain product that is produced in two stages, each of which generates value-

added of $10. When both stages are performed by production units within a single

firm, only the value of final output, i.e. $20, is registered. However, when one stage of

production is domestically outsourced, or simply the firm splits the production units into

two individual taxation accounting entities, the total output in the economy increases to

$10+$20=$30, in which the upper-stream value-added is counted twice. Yi (2010) shows

that offshoring and the shipping of intermediates back and forth between countries will

magnify the gross export flows in a similar manner, but to a less extent compared to

the multiple counting problem in the statistics on domestic trade. He finds that the

estimated home bias is sensitive to the organization of multi-stage production. This

17. Or equivalently, internal trade of a country is estimated to be 3.7 to 20 times (i.e. exponential of
the log score) compared to the trade with an “otherwise-identical” foreign country.
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problem does not occur in the new measure of factor export. It identifies the origin and

final destination of value added by each factor, such that both exported and domestically

used factors share a unified definition. The measure of factor export is also robust to

the alternative organization of production process, and does not suffer from multiple

counting (because each unit of value can only have one origin and one final destination).

The gravity equation system I am going to estimate is derived from equation (2.6),

i.e. Ef
ij = cjV

f
i , which is the consumption similarity in factors under frictionless trade.

Taking logarithms it gives lnEf
ij = lnV f

i + ln cj , so I estimate the following equation:

lnEf
ij = βf

0 + βf
1 lnV f

i + βf
2 ln cj + εfij . (2.9)

The gravity equation in factor trade is very similar as the Anderson’s (1979) gravity

equation in gross exports, but the “masses of gravity” are no longer the GDP of each

country. To see that, by substituting Cj/YW for cj equation (2.9) is transformed into

lnEf
ij = (βf

0 − βf
2 lnYW ) + βf

1 lnV f
i + βf

2 lnCj + εfij . It shows that the volume of factor

export is determined the endowment of f of the exporter (V f
i ), and the total consumption

of the importer (Cj).
18 If equation (2.6) holds, the estimated β0 should be close to

zero, while β1 and β2 should be close to unity. Under frictionless trade, the factor

consumption similarity condition of equation (2.6) also applies to country’s domestic

factor consumption, such that a country i’s use of its own factors, Ef
ii, should equal

ciV
f
i . So in the benchmark regression I include the observations regarding domestic

factor uses. Offshorability may differ across the tasks performed by different factors, so

I allow coefficients to vary across factors.

Equation (2.9) can be estimated independently for each factor. However, in order

to improve the consistency of the regression I estimate the equations of all four factors

simultaneously using iterated seemingly unrelated regression (iSUR). The estimates from

SUR should be more consistent, because for a pair of countries the error terms εfij are

potentially positively inter-correlated across factors. To see this, consider that two coun-

tries have some non-observed ties making them more willing to trade with each other.

This force may affect the trade in all factors, such that the actual export of all factors

between these two countries are larger than predicted. Similar SUR regressions are also

used in Wei (1996) who estimate the gravity equations of different years simultaneously,

and in Egger (2004) who estimates an equation system of gross exports and FDI to

control for the potential inter-correlation between trade and investment.

I estimate the gravity model of factors using the data of year 2007, and the results for

baseline regression on equation (2.9) are reported in panel (1) of table 2.8. The fitness of

the gravity equation system is quite high; only two variables are able to explain almost

70% of the variation in the world bilateral trade in factor content (note that there are

no fixed effect dummies). Result shows that β̂f
1 , i.e. the elasticity of factor trade to

the endowment in the exporting country, is close to unity which fits the prediction by

consumption similarity, while β̂f
2 , i.e. the elasticity to total consumption of the importing

18. The transformation only affects the constant term since lnYW is common for all countries. In this
paper I estimate equation (2.9), because the divergence of β0 from zero can be directly interpreted as
the existence of a home bias.
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Table 2.8: Estimating Gravity Equation and Home Bias (without control variables)

(1) (2) (3)

Baseline Excl. Domestic Usage Home Dummy

L M H K L M H K L M H K

β1 0.977 0.980 0.994 0.984 0.976 0.977 0.987 0.979 0.976 0.977 0.987 0.978
[0.002] [0.002] [0.004] [0.004] [0.002] [0.002] [0.004] [0.004] [0.002] [0.002] [0.004] [0.004]

β2 0.763 0.764 0.761 0.768 0.780 0.780 0.779 0.785 0.763 0.764 0.761 0.768
[0.019] [0.019] [0.020] [0.019] [0.015] [0.015] [0.015] [0.014] [0.015] [0.014] [0.014] [0.014]

Home 5.82 5.87 6.19 5.75
[0.16] [0.16] [0.16] [0.15]

Cons. (β0) -2.02 -2.06 -2.47 -2.00 -2.06 -2.08 -2.46 -1.99 -2.15 -2.17 -2.53 -2.07
[0.10] [0.10] [0.11] [0.11] [0.08] [0.08] [0.09] [0.09] [0.08] [0.08] [0.09] [0.09]

Obs. 1681 1681 1681 1681 1640 1640 1640 1640 1681 1681 1681 1681

Adj-R2 0.694 0.693 0.668 0.684 0.802 0.806 0.796 0.802 0.826 0.829 0.824 0.827

Note: Based on the data of year 2007. The tests in panel (1) and (2) are based on equation (2.9), and panel
(3) on equation (2.10). Panel (1) and (3) include the observations regarding the use of domestic factors (i.e.
Eii), while panel (2) only considers traded factors. The exports of all four factors between each country pair
is estimated in an equation system using iterated seemingly unrelated regression (iSUR). β1 represents the

factor trade elasticities to the total value of factor endowment in the exporting country (V f
i
), and β2 is the

elasticity to the importing country’s consumption share in world GDP (cj). Standard errors are reported in
square brackets.

country is high and above 0.75 although not very close to 1. Importantly, the intercept

terms (i.e. βf
0 ) are significantly negative and have a large magnitude around -2, meaning

that the actual volume of factor trade is much smaller than predicted under consumption

similarity and frictionless trade.

The results suggest that factor endowments can explain the volume of factor exports,

while a considerable amount of factors remain non-traded. To see this more intuitively,

in figure 2.4 I plot the factor exports from different countries to China and to the Nether-

lands (representing the factor exports to a big and a small economy). The vertical axis

is the logarithm of factor export to these two countries (lnEf
ij), and the horizontal axis

indicates the logarithm of total factor endowment in each exporting country (lnV f
i ). The

domestic factor uses of China and the Netherlands are also indicated on the plots by larger

labels (not included in the regression of each plot). When we focus on the export to one

particular country, the regression equation (2.9) collapses to lnEf
ij = βf

0j +βf
1 lnV f

i +εfi ,
and when consumption similarity holds, the slope β1 is predicted to be unity. Figure 2.4

shows a close linear trend between lnEf
ij and lnV f

i for traded factors, and importantly

the slopes of the fitted lines are indeed close to one. But the use of domestic factors is

substantially above the fitted line, suggesting a home bias where a large share of tasks

that are needed in the production for domestic final consumption must be fulfilled by

domestic factors.

How do the estimates of gravity equation change if one excludes the “outliers” of

domestic factor use? In the second panel of table 2.8 I estimate equation (2.9) only for

traded factors. I find that in panel (2) all the estimated coefficients remain largely similar

as in panel (1). But importantly, the R-square has increased by around 10 percentage

points, suggesting that a major part of prediction error by (2.9) occurs in the observations

regarding the use of domestic factors.
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Figure 2.4: Factor Export by Each Country to China and the Netherlands
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Note: Based on author’s own calculation using the WIOD dataset for year 2007. The vertical axis captures
the (log) factor export to China and the Netherlands. The horizontal axis is the (log) total value of factor
endowments of each exporting country. The domestic factor usage is highlighted by a bigger label. The fitted
line is based on OLS estimates of traded factors (exclude the observations of domestic factor usages); the
coefficients of the fitted line are reported in each plot.
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To provide more insights on the magnitude of home bias, I follow Wei (1996) and

Wolf (2000) and estimate the following gravity equation that contains a home country

dummy:

lnEf
ij = βf

0 + βf
1 lnV f

i + βf
2 ln cj + γHomeij +Xβ + εfij , (2.10)

in which Homeij = 1 if i = j, and zero otherwise; X is a list of other control variables. A

positive significant γ indicates the existence of home bias, and its magnitude represents

the “overuse” of domestic factors (in log scale) compared to the factor import from an

otherwise identical foreign country. In panel (3) of table 2.8 I estimate equation (2.10)

with the home dummy but without control variables. I find that the estimates for β1 and

β2 are largely the same as in panel (1) and (2), while the coefficients on home dummies

are large in magnitude and highly significant.

Home bias is due to trade costs and other kinds of trade barriers. For example,

international shipment of intermediate inputs incurs longer travel distance than domestic,

and language differences lead to higher coordinating costs and may prevent some kinds

of offshoring from happening (e.g. costumer services). It is therefore necessary to include

trade costs related control variables to investigate whether the national border, i.e. being

“home” per se, leads to an “overuse” of domestic factors. Panel (4) and (5) in table

2.9 replicate the specifications (2) and (3) of table 2.8, but include a standard set of

four control variables that are frequently used in gravity regressions of gross exports,

i.e. the log distance between two countries, and three dummies indicating whether two

countries share a land border, use a common language, and have colonial ties.19 All four

control variables are obtained from CEPII GeoDist Database (Mayer and Zignago 2011,

accessible from www.cepii.fr). The distance between two countries is measured by the

weighted distance between their cities in kilometers, accounting for the distribution of

their populations. The internal distance of a country is constructed in a same way as the

population weighted distance between cities inside the country.

After the inclusion of control variables, the magnitude of remaining home bias de-

creases compared to table 2.8, but is still significant and large in magnitude. Similar as

Wolf (2000), the remaining home bias is found to be a bit above 3 in log scale; meaning

that the use of home factor is on average more than 20 times (i.e. exp(3)) compared

to the factor imports from an otherwise identical foreign country. The bias is found

largest in high-skilled labour (3.55, compared with the average of 3.2 for other factors),

and the difference is statistically significant at 1% level. It should be better viewed as

an upper-bound for the border effect on trade, because I only include a limited set of

control variables. Some important controls (like regional trade agreements) are missed

out due the limited scope of this research, and in addition there is no exhaustive list for

the control variables. It is expected that a higher proportion of domestic trade can be

explained by adding more controls into the regression. However, given the large mag-

nitude, it is unlikely that the home bias can be fully explained by control variables. In

regression (4) and (5), all control variables have the expected sign, and are all signifi-

cant except the dummy regarding common language. The parameters βf
1 and βf

2 are,

strictly speaking, no longer testing the consumption similarity assumption, but can still

be interpreted as the factor trade elasticity to the exporter’s factor endowment and the

19. To be specific, this dummy equals one if (a) one country was colonized by another, or (b) both
countries were colonized by a third country.
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Table 2.9: Estimating Gravity Equation and Home Bias (with standard controls)

(4) (5) (6)

Excl. Domestic Use Home Dummy Unitary Elasticities

L M H K L M H K L M H K

β1 0.979 0.979 0.992 0.975 0.979 0.979 0.990 0.975 1 1 1 1
[0.002] [0.002] [0.004] [0.004] [0.002] [0.002] [0.004] [0.004] - - - -

β2 0.912 0.906 0.908 0.901 0.902 0.899 0.897 0.890 1 1 1 1
[0.010] [0.010] [0.010] [0.010] [0.010] [0.010] [0.010] [0.010] - - - -

ln(Dist) -0.740 -0.722 -0.730 -0.647 -0.740 -0.722 -0.730 -0.649 -0.808 -0.791 -0.794 -0.728
[0.017] [0.017] [0.017] [0.018] [0.017] [0.017] [0.017] [0.018] [0.016] [0.017] [0.017] [0.017]

Border
Contiguity

0.391 0.383 0.332 0.389 0.392 0.383 0.332 0.386 0.278 0.259 0.221 0.248
[0.081] [0.081] [0.082] [0.084] [0.083] [0.820] [0.083] [0.085] [0.085] [0.084] [0.085] [0.088]

Common
Language

0.072 0.077 0.175 0.137 0.077 0.082 0.181 0.144 0.044 0.050 0.150 0.108
[0.068] [0.068] [0.082] [0.071] [0.069] [0.069] [0.070] [0.072] [0.072] [0.071] [0.072] [0.074]

Colonial
History

0.354 0.309 0.272 0.321 0.349 0.304 0.266 0.314 0.372 0.324 0.285 0.336
[0.077] [0.076] [0.077] [0.079] [0.078] [0.077] [0.078] [0.080] [0.081] [0.080] [0.081] [0.083]

Home 3.12 3.25 3.55 3.26 3.06 3.20 3.50 3.20
[0.13] [0.13] [0.13] [0.14] [0.14] [0.14] [0.14] [0.14]

Cons. 4.53 4.35 4.02 3.83 4.47 4.31 3.98 3.80 5.30 5.13 4.91 4.69
[0.16] [0.16] [0.17] [0.17] [0.16] [0.16] [0.17] [0.17] [0.14] [0.14] [0.14] [0.15]

Obs. 1640 1640 1640 1640 1681 1681 1681 1681 1681 1681 1681 1681

Adj-R2 0.952 0.924 0.92 0.911 0.933 0.932 0.929 0.921 0.928 0.927 0.925 0.915

Note: Based on the data of year 2007. All panels uses the iSUR method. Panel (4) and (6) include the
observations regarding the use of domestic factors (i.e. Eii), while panel (5) only considers traded factors.
The tests in panel (4) and (5) are based on equation (2.9). Panel (6) assumes that the elasticity of factor
export is unity in respect with exporters endowment and importer’s consumption, such that β1 and β2 are
constrained to one; the regression is otherwise the same as in (5). All control variables are obtained from CEPII
GeoDist Database (www.cepii.fr). The distance measure is the weighted distance between two countries which
accounts for within-country geographical distribution of their population (i.e. the distw variable). Border
contiguity, common language and the colonial history variables are dummy variables and they equals one if
two countries share a land border, have a common language, and have a colonial history. Common language
is defined as the language that is spoken by more than 9% of the population in both countries. Two countries
are considered to have a colonial history if one country has colonized another, or both countries are/were in a
same commonwealth. All three dummy variables equal one for a country’s internal trade.

importer’s total consumption. There is no major change in β̂f
1 , while β̂f

2 has increased

from 0.75 to around 0.9. In panel (6), I use an alternative regression by imposing the

unitary elasticity constraint that sets β1 and β2 to be one (See Haveman and Hummels

2004, also table 1 in Anderson and Wincoop 2001); the regression is otherwise the same

as panel (5). There are some changes in the estimates for control variables, but home

bias and the effects of distance on factor trade remain large.

For a more consistent estimation of the magnitude of home bias and the role of

distance in factor trade, as well as their changes over time, I use an alternative spec-

ification of gravity equation that accounts for the so-called “multilateral resistance to

trade” (MRT). Anderson and Wincoop (2003) and Redding and Venables (2004) argue

that the standard gravity equation, i.e. the one that regress export by two countries’

“economic masses”, is potentially inconsistent in a world with trade costs where effective

factor price equalization is not satisfied. Anderson and Wincoop (2003) show that the

following specification20 should be used in order to make the gravity regression closer to

20. Equation 2.11 is taken from the equations (9) to (11) in Anderson and Wincoop (2003).
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the theoretical gravity model in Anderson (1979):

Exportij =
YiYj

YW

(
tij

ΠiPj

)1−σ

, (2.11)

where Pj and Πi are the solutions to

Pj ≡

(∑

i

(tij/Πi)
1−σ θi

)1/(1−σ)

,

Πi ≡


∑

j

(tij/Pj)
1−σ

θj




1/(1−σ)

.

In the equation, σ is the substitution elasticity between goods in the CES utility function

that Anderson and Wincoop have used, and θi = Yi/YW which is country i’s income

share in world GDP. tij is the iceberg-type bilateral trade cost of the exports from

country i to j. It can be interpreted as the “resistance” of country j in importing from

i. Similarly, since a high tij makes the export from country i to j more costly, it can also

be interpreted as the resistance of country i in exporting to j. The parameters Pj are

named as “multilateral resistance” to import of country j, since it is a combination of

all bilateral resistance that j faces in importing (i.e. trade costs tij). Vise versa, Πi can

be called as country i’s multilateral resistance to export. Πi and Pi are the same when

trade costs are symmetric, but are different in general cases.

Empirically, Pj and Πi cannot be easily solved or estimated, but since they are

country specific it is not difficult to control for MRT using a fixed effect model. By

taking logarithm on equation (2.11), one obtains:

ln
(
Exportij

)
= [ln Yi − (1− σ)Πi] + [lnYj − (1− σ)Pj ]− lnYW + (1− σ)dij .

The terms in the square brackets are country specific to the exporter i and importer

j, and are represented by country dummies in the regression. It should be noticed that

“economic masses” Yi and Yj are not included in the MTR adjusted fixed effect regression,

since they are country specific. As a result, it is not possible to identify the parameters

regarding trade elasticities to income (i.e. the β1 and β2) and separate them from MTR

terms, or make any inference about unitary trade elasticity on income. But the fixed

effect regression gives consistent estimates for the variables regarding trade costs and

other barriers (Hummels 1999 and Anderson and Wincoop 2001).

In analogy to Anderson and Wincoop (2001), the factor trade gravity specification

can be modified as follows to adjust for multilateral resistance:

lnEf
ij = βf

0 +
[
βf
1 lnV f

i − (1− σ)Πf
i

]
+
[
βf
2 ln cj + (1 − σ)P f

j

]
+Control Variables.

By replacing the term inside square brackets by country fixed dummies, the regression I

perform is the following:

lnEf
ij = βf

0 + ζfi + ηfj + γHomeij +Xβ + εfij , (2.12)
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Table 2.10: Gravity Specification with Multilateral Resistance Effect

(7) (8) (9)

MR Baseline Excl. Domestic Use MR - 1995

L M H K L M H K L M H K

ln(Dist) -0.843 -0.813 -0.765 -0.786 -0.847 -0.812 -0.762 -0.790 -0.894 -0.870 -0.833 -0.855
[0.022] [0.022] [0.023] [0.022] [0.022] [0.022] [0.023] [0.022] [0.028] [0.028] [0.028] [0.028]

Border
Contiguity

0.299 0.280 0.288 0.281 0.295 0.279 0.287 0.281 0.400 0.382 0.361 0.348
[0.063] [0.063] [0.066] [0.064] [0.061] [0.061] [0.063] [0.061] [0.079] [0.080] [0.080] [0.081]

Common
Language

0.170 0.151 0.151 0.146 0.151 0.131 0.124 0.117 0.082 0.075 0.078 0.090
[0.056] [0.056] [0.058] [0.056] [0.054] [0.054] [0.056] [0.054] [0.070] [0.070] [0.071] [0.071]

Colonial
History

0.311 0.296 0.298 0.298 0.320 0.311 0.315 0.312 0.390 0.396 0.394 0.412
[0.059] [0.059] [0.062] [0.059] [0.057] [0.057] [0.059] [0.057] [0.074] [0.074] [0.075] [0.075]

Home 2.89 3.06 3.50 3.02 3.08 3.26 3.73 3.24
[0.10] [0.10] [0.10] [0.10] [0.13] [0.13] [0.13] [0.13]

Obs. 1681 1681 1681 1681 1640 1640 1640 1640 1679# 1679 1679 1679

Adj-R2 0.965 0.964 0.960 0.960 0.963 0.962 0.958 0.959 0.956 0.955 0.952 0.949

Note: Panel (7) and (8) are based on the data of year 2007 and panel (9) on 1995. Panel (7) and (9) include
the observations regarding the use of domestic factors (i.e. Eii), while panel (8) only considers traded factors.
All three regressions use the iSUR method, and include importer and exporter fixed effect in accordance to the
gravity equation specification with multilateral resistance to trade. Note that it is not possible to estimate the
factor trade elasticity to exporter’s endowment and importer’s consumption (i.e. β1 and β2).

#: The number
of observation in 1995 is lower than in 2007, this is because in 1995 two country pairs has negative export of
capital and these observations are excluded. “Negative export of capital” is possible in the dataset when the
firms in the exporting country incur a large capital loss in the goods or services exported. If I focus on the
same sample across the whole time period and exclude the respective observations in 2007, the coefficients in
(7) and (8) has virtually no change; results are available upon request.

Note that the MTR terms of ζfi and ηfj are country and factor specific. Panel (7) in table

2.10 reports the outcome for regression equation (2.12). The distance elasticity to factor

trade is estimated to be around -0.8. Distance elasticity is the smallest in magnitude in

high-skilled labour and largest in low-skilled labour, and their difference (7.8 log points)

is statistically significant. This difference is also economically significant. Consider the

factor trade between Spain and Germany with the distance of around 1627 km. The

distance-related barrier is around 57 log points lower in high-skilled labour compared with

low-skilled (or 43% lower). The magnitude of remaining home bias is found to be similar

with table 2.9. Interestingly, remaining home bias is the largest in high-skilled labour.

There is no conflict with high-skilled labour’s smallest trade elasticity to distance. The

results show that high-skilled labour is the least traded among the four factors, but within

traded factors it is relatively the easiest for high-skilled to overcome distance barriers.

The other three control variables, namely border contingency, common language, and

colonial ties all have positive significant effect on the trade in all four factors. In panel

(8) I exclude the observations about use of domestic factors. The magnitude of home

bias cannot be estimated due to the exclusion of home country, but otherwise there is no

significant difference from (7).

How does the distance elasticity of trade and the remaining home bias change over

time? In panel (9) I replicate the same specification as in (7) but for the data of 1995.

I find that the home bias has declined for about 20 log points in all factors over this

period. Distance elasticity has declined the most in the trade of high-skilled labour and

capital contents, and to a lesser extent for low- and medium-skilled labour. It implies

that all factors are becoming increasingly traded, and the trade barrier due to distance

has declined especially in the tasks performed by high-skilled labour and capital. Similar
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as distance, the effect of border contiguity has also declined. Interestingly, the coefficients

for common language were insignificant in 1995, but have increased from 1995 to 2007.

Sharing a language is estimated to increase factor trade by on average 7% in this time

period; the effect is the largest for low-skilled labour and the least for capital. This

might relate with the increasing offshoring of some low-skilled service tasks that require

language skills, for instance call operators.

Trefler and Zhu (2010) argue that consumption similarity is violated in some little-

traded final products made by four sectors that serve mainly domestic consumers, but

this argument has not been formally tested. Is home bias absent in rest of the economy?

In appendix table A.2 and A.3 I estimate the same specifications as in table 2.9 and

2.10, but for a counter-factual dataset that excludes all factors that are deployed in

producing the output of the four potentially home-biased sectors.21 If home bias is much

lower in other sectors, the coefficient of the home dummy should be much smaller in the

specification using conterfactual data. However, I find home bias remains large, which

does not support the argument in Trefler and Zhu (2010). In fact, statistically significant

decrease in home bias is only found in low-skilled labour, and the change is significant

only at around 10% level.

2.6 Concluding Remarks

This paper argues that the analysis of bilateral trade in products is no longer suitable

due to the rise of offshoring and globalized production. Instead, the focus should be on

the underlying factor trade which is directly linked with the actual tasks that a country

performs for export.

The current literature lacks a properly defined and precisely measured indicator for

bilateral exports. The conventional measure defines bilateral factor exports as the domes-

tic factor content of the exporting country that is embedded in its bilateral gross export

flows. Under this definition, the conventional measure cannot identify the indirect fac-

tor exports that are embedded in traded intermediates, which are becoming increasingly

important when offshoring is pervasive. I introduce a new measure of bilateral factor

exports based on the identification of origin country and the ultimate destination of

value that is added by each factor, which is robust to the complex structure of globalized

production. I find large differences between my measure and the conventional measure.

I argue that the latter is sensitive to the organization of GVCs, and I show that the

differences between the two measures can be attributed to the position of countries in

global production chains.

I find that bilateral trade in factors, when measured properly, can be largely explained

by the relative endowment of each country, which is in line with neo-classical trade theo-

21. I exclude the factors that are directly used in the production of these final products, as well as the
factors used in producing their upper-stream inputs. One may argue that these intermediate inputs are
tradable (for example the buildings cannot be traded, but cement and steel can), therefore the factors
used in making intermediates should not be excluded. So I have also tested another counter-factual
dataset that only excludes the factors directly used by these four sectors. The results remain very similar.
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ries. I perform a simple sign test on the direction of net factor trade bilaterally between

countries. I find strong support that in a pair of countries the one with a larger relative

endowment in a factor will be the net exporter of this factor, after adjusting for imbal-

anced trade. I also use the factor export indicators to estimate a gravity-like equation in

factor trade. The volume of bilateral factor exports can be also closely approximated by

a simple gravity equation based on the factor endowment of the exporting country and

the total consumption of the importer. But in contrast to Trefler and Zhu (2010), home

bias is found to be large even after excluding factors used in producing little-traded final

products. Similar as trade in products, distance negatively affects trade in factors. The

role played by distance becomes significantly smaller from 1995 to 2007, especially in the

trade of high-skilled labour and capital. The remaining home bias also declines in this

time period, and the decreases are similar across factors.

The main message of this paper is that standard theories still provide important in-

sights for our view of trade. Gross exports are not well aligned with the actual activities

that a country performs for exporting, but if we break trade down to ultimate factors

that have been exchanged across countries, trade patterns are back in line with theoret-

ical predictions. It is related with Baldwin and Robert-Nicoud (2014) who also aim to

highlight the relevance of standard trade theories in recent patterns of trade, but from

a different perspective. They introduce the concept of shadow migration which argues

that the economic boundary of a country differs from its physical national border. Ef-

fectively, the endowment of a country is not the amount of workers (and capital) who

physically reside domestically, but all factors, domestic and foreign, that are used in

producing the goods finalized by the domestic country. In this view the Chinese workers

who are employed to perform offshored tasks for U.S. products should be considered as

economic residents of the U.S.; offshoring thus has the same impact as a factor inflow.

They further argue that the predictions from the original neo-classical models like the

HO and Rybczynski theorems are perfectly restored, once the actual endowment of each

country is replaced by the shadow migrants adjusted one.

I think that the factor trade approach provides more direct implications for policy

making, since it takes endowment in the domestic country as the starting point of anal-

ysis. The shadow migration approach instead focuses on the economic boundary which

encloses a mix of domestic and foreign labour. It is unclear how the benefits in the

production and export are distributed among domestic and foreign workers, and among

different domestic workers which policy makers are usually interested in. To give an

example, assume that a certain technology greatly increased Dutch firms’ capability in

using cheap foreign low-skilled labour via offshoring. Taking the shadow migration per-

spective and applying the Rybczynski theorem, it suggests that the Netherlands is going

to produce and export more low-skilled intensive products which seems to be good news

for low-skilled labour within the Dutch economic boundary. However, if one consid-

ers only low- and high-skilled workers who live in the Netherlands, offshoring possibly

leads to unemployment of the domestic low-skilled workers and an increasing inequality

between the rich and the poor.

On the other hand, the shadow migration approach excels in analysing global trade

flows. When the shadow migrant adjusted endowment of each country is properly doc-

umented, this approach is well equipped to explain trade in products which is also of
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great interest for economic research and is an important advantage over my factor trade

approach. But it should be noticed that neither approach is suitable to predict the future

pattern of trade in products. My approach can be used to predict the future trend of

factor trade if future endowment structures can be extrapolated, but it remains silent

on trade of products. And the shadow-migrant adjusted endowment is known only ex

post, i.e. after firms have made their offshoring decisions. According to Baldwin (2006),

the decisions of offshoring are sensitive to the development of particular technologies. It

frequently takes a discrete pattern (either no offshoring, or a whole range of consecutive

stages offshored) rather than being smooth, and is ex ante largely unpredictable.
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Appendix

The conventional and new measures of factor exports in a
two-country world

This appendix illustrates the potential mismatch between the conventional and new

measures of bilateral factor exports in a two-country world.

Recall that the conventional measure is defined as the domestic factor contents that

are embodied in the gross export flows from between two countries. In a world with

multiple countries, it has an evident drawback in tracing the factor contents embodied

in traded intermediates that are first exported to a third country for processing (or just

entrepôt trade) before reaching its final destination of consumption. In such case, the

conventional measure registers the intermediating country as the importer, leaving the

ultimated destination invisible. In a world with only two countries (or more realistically,

the domestic country and the “rest of world”), the above type of mismatch is seemingly

impossible: at a first sight anything exported by one country must, by construction,

end up as the import by another. This is, however, not true for factor exports and

value-added exports under globalized production. The problem arises due to returning

factor contents embodied in the intermediate inputs to be processed abroad, which later

return home for final consumption. This is in analogy with the story in a multi-country

world: effectively the foreign country is the “man-in-the-middle” between domestic final

consumption and domestic factors producing upstream intermediates.

This appendix aims to illustrate this possibility more clearly using a reasonable ex-

ample. Consider a world with two countries, a small developed country North, and a

big developing country South that is initially unknown. North has an endowment of

200 low-skilled workers, and 300 high-skilled workers. The low-skilled wage in North is

normalized to wL = $1, and its high-skilled wage wH is $2. There are three sectors,

producing two final products: machine and peeled shrimp. Each unit of machines is

produced by one high-skilled worker in the machine industry. In the aquaculture indus-

try, four low-skilled workers are needed to raise and catch one unit of unpeeled shrimps.

Shrimps are peeled in the food manufacturing industry; one unit of machine and one

low-skilled worker are required to peel each unit of shrimp.

The unit price of machine is given by PM = wH = $2, and for unpeeled shrimp

PUPS = 4wL = $4. Each unit of peeled shrimp costs PPS = PUPS + PM + wL = $7. It

can be validated that in total North produces and consumes 40 units of peeled shrimp

with a total worth of $280; its value chain involves all 200 low-skilled workers (160

fishermen and 40 peeling workers), and 40 high-skilled workers (producing the required

40 units of machine). In addition, 260 high-skilled workers produce 260 units of machines

for final use that worth $520.

Later, the country South is discovered. South has a much larger population than the

North, most of which are low-skilled. The wage ratio between high and low-skilled is 6.

Two goods are produced: each unit of pottery artwork is produced by one high-skilled

worker, and each unit of grain by one low-skilled worker. People in both North and South
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strongly prefer eating their own food. But South finds machines highly useful, and people

in North have some interests in the traditional pottery artworks. The international price

of machine is twice than pottery artwork. This implicitly determines the wage of South

workers denominated by North’s currency (denoted by an asterisk), i.e. w∗
H = 1/2PM =

$1, and w∗
L = 1/6w∗

H = $1/6.

South would like to buy more machines, but North’s demand for artworks is limited.

A merchant from South discovered that the production of shrimps is rather costly in

North. Shrimp farming is impossible in South due to the high temperature, but its

low-skilled workers can be easily trained to peel the shrimps manually. Through some

experiment he finds that each unit of shrimp can be peeled by three low-skilled workers

in the South, so unit cost of peeling decreases from $3 to merely 3× 1/6 = $1/2.

Offshoring in shrimp-peeling happens after he announces the finding. Now there is no

need to produce machines for shrimp peeling, such that all 300 high-skilled workers are

engaged in producing 300 machines for final consumption, worth $600. Food manufac-

turing industry disappears in the North and all workers lose their jobs. But due to their

close tie with the aquaculture sector they soon start to work as fishermen. As a result,

in total 200/4 = 50 units of unpeeled shrimps are now produced by the North. The food

manufacturing industry appears in South but a different technology is used. In total

3*50=150 low-skilled workers are hired, with a costs of, in principle, 50× 1/2 = $25. Be-

ing criticized by North’s humanitarians, companies in North decide to pay $30 to South’s

low-skilled workers to improve their working conditions and to make sure the food safety

requirements are met. In addition, North buys 10 units of pottery artwork which worth

$10. The peeling service and the import of artworks are financed by the export of 20

units of machines which worth $40.

What are the factor exports between two countries under the new and conventional

measures? The new measure identifies the location where value are added by factors and

are consumed. North exports high-skilled labour content of $40 to South, which is related

to the exported machines. Effectively, no low-skilled labour is exported from North to

South, because all shrimps are peeled and then finally shipped back to North for final

consumption. South exports low-skilled content of $30 and high-skilled content of $10

to North, which are related with the peeling service and pottery artworks, respectively.

Note also that the factor trade between two countries, in monetary value, is balanced.

The conventional measure traces the domestic content embedded in gross export flows.

In the story above, the gross export flows between the two countries are given by:

Direction of Trade North → South South → North

Items and Value
Unpeeled Shrimps $200 Peeled Shrimps $230

Machines $40 Pottery Artworks $10

Total $240 $240

Note that trade, as measured by the value of gross export, is also balanced. The domestic

factor content embodied in gross export flows are therefore (“Imp. Int” in the table is

short for “imported intermediates”):
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Direction of Trade North → South South → North

Items and Value

Unpeeled Shrimps $200 Peeled Shrimps $230

Domestic L: $200 Domestic L: $30

Imp. Int. $0 Imp. Int. $200

Machines $40 Pottery Artworks $10

Domestic H: $40 Domestic H: $10

Imp. Int. $0 Imp. Int. $0

Factor Exports

Low-skilled $200 $30

High-skilled $40 $10

Total $240 $40

Under the conventional measure, the pattern of factor exports is confusing. North not

only exports much higher value of low-skilled labour content to the South ($200 versus

$40), but has also a higher L/H ratio in its factor export (5 versus 3). It looks as if

North, instead of South, is the developing country. Another noteworthy observation is

that the factor trade turns out to be unbalanced : The value of factors exported from

North to South amounts to $240, in comparison with $40 from South to North. This

confusing pattern arises because the conventional measure lacks the ability in tracing

traded intermediates and the embodied factors. The export of $200 low-skilled labour

content is registered when unpeeled shrimps crossed the border from North to South. But

when the peeled shrimps are shipped back, this value is not captured by the conventional

measure, since the $200 is not the domestic content of the exporting country (i.e. South).

More generally, in a multi-country world, the conventional measure systematically

overstates the factors exported from a country to the rest of world (i.e. all other coun-

tries). The reason is the same that the factor content embodied in exported intermediates

may return home after being processed abroad. It is expected that offshoring is more

possible in the tasks that are performed by the relative scarce factors, however the exact

bias in the conventional measure depends on the types of intermediates that the coun-

try ships abroad for processing, which is not necessarily linked to the factor endowment

structure of the home country. Consider that if the production of machines requires two

steps, high-skilled workers make components and low-skilled workers do the assembly.

When North exports the components to be assembled in South and part or all of these

machines are shipped back for home consumption, then the factor export of high-skilled

labour is overstated. It should also be noticed that the overestimation of factor exports

is a different problem than the double counting of value-added in Koopman et al. (2014).

Under the conventional measure, factor export is counted only once, which occurs at the

first time when the factor content leaves its home country. The overestimation arises

because the conventional measure fail to subtract the returning factor content embodied

in intermediates that were exported earlier.
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Alternative assumption that accommodates heterogeneous

demand

The consumption similarity condition in Trefler and Zhu (2010) assumes that each

country j consumes a fixed share cj of all available products in the world. As shown

by equations (2.5) and (2.6), consumption similarity predicts that effectively country j
consumes a fixed share cj of all available factors in the world, and the factor export from

country i to j is predicted to be Ef
ij = cjV

f
i . Note that the country specific share of cj

is the same across all factors.

The consumption similarity condition presumes that the preference is identical for all

countries (i.e. every country consumes the same basket of final products), which might

not be true. For instance, some countries may have a stronger preference for low-skill

than high-skilled intensive products. I accommodates for heterogeneous preference by

allowing the cj parameter to vary across factors, such that the predicted factor export

from country i to j is given by Ef
ij = cfj V

f
i , in which cfj equals Cf

j /V
f
W =

(∑
k E

f
kj

)
/V f

W .

The value of cfj can be calculated by the data on Cf
j which is country j’s total expenditure

on factor f , and the world total endowment of factor f (i.e. V f
W ).A.1

Under this alternative assumption, net factor export from i to j is predicted to be

NEf
ij = cfj V

f
i − cfi V

f
j . The prediction on the right-hand side is observed from the data,

and the test in the second panel of table 2.7 can be built directly upon this prediction.

But in order to provide a more informative explanation for the sign test that adjusts for

heterogeneous preferences, NEf
ij can be re-written in a similar way as equation (2.7) into

the following:

NEf
ij = cfj V

f
i − cfi V

f
j =

Cf
j

V f
W

sfi Yi −
Cf

i

V f
W

sfj Yj

=
Cf

j

Cj

Cj

Yj

Yj

YW

YW

V f
W

sfi Yi −
Cf

i

Ci

Ci

Yi

Yi

YW

YW

V f
W

sfj Yj

=

(
αf
j s

f
i τj

αf
W

−
αf
i s

f
j τi

αf
W

)
YiYj

YW
=
(
sfi α̃

f
j τj − sfj α̃

f
i τi

) YiYj

YW
.

In the equation, αf
i = Cf

i /Ci which denotes country i’s share of expenditure on factor

f , and αf
W = V f

W /YW is the world expenditure share on factor f . Note that αf
W is

equivalent to sfW , i.e. the world income share of f since the world income of a factor

must equal the world expenditure. α̃f
i equals αf

i /α
f
W which represent the preference of

country i on factor f relative to the world average level. The direction of net factor

export is dependent on the term inside the bracket.

Following similar steps as in footnote 13, it can be shown that the sign of the term

A.1. There are many reasons why preferences differ across countries, see, for example, Engel’s law.
However, it should be emphasized that in this paper I do not intend to explain the exact reasons of
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inside the bracket is equivalent to Sig((ln sfi − ln τi− ln α̃f
i )− (ln sfj − ln τj − ln α̃f

j )). Note

that sfi can be further normalized to ln s̃fi = sfi − sfW , and sfj to ln s̃fj = ln sfj − ln sfW .

The direction of net factor export is predicted by comparing the differences between the

modified factor export propensity θfi and θfj , with θfi = ln s̃fi − ln τi − ln α̃f
i .

Table A.1: Bilateral HOV Sign Test (using conventional factor export data)

Unweighted
Weighted by

Net Factor Trade Flows

Weighted by

Diff. Fac. Exp. Propensity

Year L M H K L M H K L M H K

1995 81.2 78.2 74.4 65.2 91.6 96.1 92.8 72.5 92.1 87.2 84.4 73.4

1996 82.2 78.8 76.3 64.4 93.5 95.4 94.3 73.2 92.0 87.7 85.4 71.8

1997 82.2 74.8 74.5 61.3 91.8 94.0 92.2 69.8 91.9 84.4 82.3 68.7

1998 82.8 77.9 77.1 62.4 92.2 93.1 92.7 68.4 92.0 86.6 84.7 68.5

1999 82.3 76.2 75.1 63.3 93.5 93.1 91.6 80.0 91.0 85.2 84.1 70.4

2000 82.4 75.1 73.5 65.6 94.3 92.5 91.7 84.4 91.1 84.7 81.8 73.4

2001 82.7 75.7 74.8 64.4 94.5 92.3 92.9 83.8 91.6 85.0 82.2 72.2

2002 82.4 75.1 73.2 64.9 94.1 92.4 93.3 81.2 91.5 84.6 81.7 71.3

2003 79.8 74.5 74.4 64.3 93.6 91.3 91.4 80.4 89.7 85.2 83.3 71.3

2004 82.4 73.7 70.6 62.2 93.3 90.7 91.0 79.8 92.7 83.5 80.3 67.5

2005 82.6 73.2 71.0 65.4 94.7 92.6 90.4 83.8 92.7 83.6 79.2 70.4

2006 82.1 73.8 70.4 68.0 95.2 93.2 90.1 82.8 92.4 83.1 79.5 71.7

2007 83.9 74.0 71.7 67.6 94.3 92.8 89.8 83.8 92.7 84.4 81.3 71.1

2008 82.8 75.5 71.1 67.6 94.8 94.0 88.9 85.0 92.4 84.1 79.9 71.0

2009 83.3 73.9 71.3 66.2 93.2 93.9 89.1 80.7 92.5 83.9 78.7 70.9

Mean 82.3 75.4 73.3 64.9 93.6 93.2 91.5 79.3 91.9 84.9 81.9 70.9

Range 4.1 5.6 6.7 6.7 3.6 5.4 5.3 16.5 3.0 4.6 6.6 5.9

Note: This table replicates the same tests in table 2.5, using the conventional measure of bilateral factor export
calculated from equation 2.3.

heterogeneous preferences. The value of cfj can be observed from the data and I use it as a revealed

measure for preference.
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Table A.2: Estimating Gravity Equation and Home Bias (Counterfactual)

(4’) (5’) (6’)

Excl. Domestic Use Home Dummy Unitary Elasticities

L M H K L M H K L M H K

β1 0.989 0.996 1.016 0.993 0.989 0.995 1.014 0.992 1 1 1 1
[0.002] [0.002] [0.004] [0.004] [0.002] [0.002] [0.004] [0.004] - - - -

β2 0.913 0.911 0.908 0.899 0.902 0.900 0.896 0.888 1 1 1 1
[0.009] [0.009] [0.010] [0.010] [0.009] [0.010] [0.010] [0.010] - - - -

ln(Dist) -0.682 -0.683 -0.680 -0.618 -0.683 -0.684 -0.682 -0.621 -0.742 -0.741 -0.731 -0.687
[0.017] [0.017] [0.018] [0.019] [0.017] [0.017] [0.018] [0.019] [0.016] [0.017] [0.017] [0.018]

Border
Contiguity

0.368 0.350 0.320 0.375 0.367 0.349 0.318 0.370 0.262 0.246 0.228 0.250
[0.080] [0.081] [0.083] [0.088] [0.081] [0.082] [0.084] [0.089] [0.083] [0.084] [0.086] [0.091]

Common
Language

0.044 0.068 0.132 0.087 0.049 0.074 0.140 0.094 0.018 0.045 0.117 0.060
[0.067] [0.068] [0.069] [0.074] [0.068] [0.069] [0.071] [0.075] [0.071] [0.071] [0.073] [0.077]

Colonial
History

0.352 0.316 0.304 0.332 0.346 0.309 0.296 0.323 0.368 0.329 0.313 0.346
[0.075] [0.076] [0.078] [0.083] [0.077] [0.078] [0.079] [0.084] [0.079] [0.080] [0.082] [0.087]

Home 2.98 3.17 3.61 3.36 2.93 3.13 3.57 3.31
[0.13] [0.13] [0.14] [0.14] [0.14] [0.14] [0.14] [0.15]

Cons. 4.17 4.01 3.43 3.39 4.13 3.97 3.40 3.38 5.00 4.88 4.48 4.37
[0.16] [0.16] [0.17] [0.18] [0.16] [0.16] [0.17] [0.18] [0.14] [0.14] [0.14] [0.15]

Obs. 1640 1640 1640 1640 1681 1681 1681 1681 1681 1681 1681 1681

Adj-R2 0.930 0.926 0.919 0.905 0.935 0.933 0.928 0.915 0.930 0.928 0.924 0.909

Note: This table replicates all specifications in table 2.9 but uses a counterfactual dataset that discards all
factors that are used directly or indirectly in producing the final products from the following four potentially
home-biased sectors as argued in Trefler and Zhu (2010): Agriculture, Food Manufacturing, Construction, and
Government Services.

Table A.3: Gravity Specification with Multilateral Resistance Effect (Counterfactual)

(7’) (8’) (9’)

MR Baseline Excl. Domestic Use MR - 1995

L M H K L M H K L M H K

ln(Dist) -0.790 -0.777 -0.739 -0.760 -0.791 -0.775 -0.735 -0.761 -0.860 -0.850 -0.815 -0.835
[0.022] [0.022] [0.023] [0.022] [0.022] [0.022] [0.023] [0.022] [0.028] [0.028] [0.029] [0.029]

Border
Contiguity

0.242 0.237 0.249 0.246 0.238 0.235 0.250 0.247 0.337 0.332 0.326 0.329
[0.063] [0.064] [0.066] [0.064] [0.060] [0.061] [0.062] [0.061] [0.079] [0.081] [0.082] [0.082]

Common
Language

0.162 0.141 0.143 0.130 0.145 0.120 0.117 0.103 0.084 0.068 0.073 0.065
[0.055] [0.056] [0.058] [0.057] [0.053] [0.054] [0.055] [0.054] [0.070] [0.071] [0.073] [0.072]

Colonial
History

0.307 0.292 0.293 0.292 0.319 0.308 0.311 0.308 0.378 0.384 0.378 0.410
[0.059] [0.059] [0.061] [0.060] [0.056] [0.057] [0.058] [0.057] [0.074] [0.075] [0.077] [0.076]

Home 2.75 2.99 3.52 3.11 2.95 3.19 3.77 3.38
[0.10] [0.10] [0.10] [0.10] [0.13] [0.13] [0.13] [0.13]

Obs. 1681 1681 1681 1681 1640 1640 1640 1640 1679 1679 1679 1679

Adj-R2 0.966 0.964 0.961 0.960 0.965 0.963 0.959 0.959 0.958 0.955 0.951 0.949

Note: This table replicates all specifications in table 2.10 but uses a counterfactual dataset that discards all
factors that are used directly or indirectly in producing the final products from the following four potentially
home-biased sectors as argued in Trefler and Zhu (2010): Agriculture, Food Manufacturing, Construction, and
Government Services.



Chapter 3

Offshoring, Biased Technical Change

and Labor Demand: New Evidence

from Global Value Chains1

3.1 Introduction

There is a general consensus among economists that biased technical change and off-

shoring are two important drivers of increasing skill premia and job polarization in

advanced economies. At the same time there is considerable uncertainty about their

relative importance as they are typically not separately observed. To see this, suppose

that a firm’s production technology does not change, but it decides to relocate unskilled

production stages abroad. As a result, the use of unskilled workers at home declines. Al-

ternatively, suppose that there is no offshoring, but a change in technology biased against

the use of unskilled work, for example through automation. The impact on demand for

domestic labor is comparable in both cases such that the effects of offshoring and biased

technical change are observationally equivalent. However, for many theoretical as well

as empirical questions we would like to be able to distinguish between these two drivers

of factor demand (Feenstra and Hanson 2003).

The aim of this paper is to solve the observational equivalence problem. It builds

upon the key insight that in the presence of offshoring, biases in technical change can

only be observed when analyzing all stages of production, both at home and abroad.

Following Antràs and Choi (2013) we refer to a vertically integrated production process

that spans multiple countries as a global value chain (GVC from hereon). To frame our

empirical work, we develop a basic model where GVC production needs several types

of tasks. Each type requires the input of a single factor and can take place at home or

abroad. We define a task price as the price paid for the factor that carries out the task,

averaged across all countries that participate in a particular GVC. Given task prices, a

1This chapter is co-authored with Laurie S. M. Reijnders and Marcel P. Timmer
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firm chooses the intensity with which each of the tasks is performed within the GVC.

We derive the optimal task demands and the corresponding factor cost shares and show

how these are affected by the interplay of task allocation across countries, national factor

prices and biases in technology.

To bring the model to the data we use newly available information from the World

Input-Output Database (WIOD, see Timmer et al. 2015). We show how the WIOD

data can be used to measure the factor content of domestic as well as offshored stages of

production. We document changes in factor cost shares and task prices for a set of 291

GVCs of manufacturing goods during the period from 1995 to 2007. This new type of

information is critical for our analysis. We use a system of GVC cost share equations to

estimate task price elasticities and biases in technical change. In contrast to traditional

analyses based on data for domestic stages of production only, we do not need to control

for the effects of offshoring in our regressions as both domestic and foreign factor uses are

already accounted for. We find robust evidence for a strong bias in technical change in

favor of capital and college educated workers, and decidedly against non-college educated

workers. This is our key finding and we show that it is robust to various alternative

specifications. We also show that use of information technology in a GVC can explain

a major part of the bias against less educated workers. This confirms the routinization

hypothesis by Autor, Levy and Murnane (2003) which states that information technology

substitutes for workers performing routine tasks. Finally we use our estimation results to

analyze the effects of technical change and offshoring on the use of labor from advanced

countries in GVC production. Based on a simple simulation exercise, we find that both

forces had quantitatively similar effects on driving down demand for non-college educated

workers.

Our approach builds upon an extensive literature that studies the effects of offshoring

and biased technical change (BTC from hereon) on domestic factor demand.2 In recent

research Goos, Manning and Salamons (2014) exploited new data on the occupational

structure of the labor force and claimed that the effects of technical change on labor

demand were stronger than the effects of offshoring. They found evidence in favor of the

routinization hypothesis for a wide set of advanced countries. In related cross-country

work, Michaels, Natraj and van Reenen (2014) used information on educational attain-

ment levels of workers and showed that medium-educated workers were most affected by

technical change. In particular, they found a limited role for offhshoring. Firpo, Fortin

and Lemieux (2011) estimated an empirical wage setting model and found that automa-

tion of routine-tasks (as well as de-unionization) drove the wage distribution in the US

in the 1980s and 1990s, while offshoring became an important driver only from the 1990s

onwards.

To overcome the observational equivalence problem, the typical strategy in these

studies is to add indicators that measure the potential for jobs to be offshored and the

potential for them to be replaced by technology. However, these proxy indicators appear

to be strongly positively correlated such that econometric identification of their separate

effects is hampered. This is well known since many of the jobs that are potentially prone

to be affected by technical change, are often also more likely to be offshored (Blinder and

2See Acemoglu and Autor (2011) and Harrison, McLaren and McMillan (2011) for discussions of the
literature.
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Krueger 2013). Based on data for US multinationals, Oldenski (2012) provided direct

evidence that routine-task intensive jobs are indeed more likely to be outsourced to a

foreign affiliate. Rather than organising a “horse race” between indicators of potential

offshoring and BTC, we will control for actual offshoring and thus provide a clean route

to measure the labor demand effects of actual BTC.

Our econometric framework is closest to that of Michaels, Natraj and van Reenen

(2014) and Hijzen, Görg and Hine (2005). We follow them in employing a flexible translog

cost function in which the price elasticities and BTC are unknown parameters that can

be estimated from observable data on factor prices and cost shares. We also follow them

by adding an indicator for the use of information technology in order to speak to the rou-

tinization hypothesis. We extend their approach and solve the observational equivalence

problem by analyzing global value chains rather than single production stages. Put oth-

erwise, we will investigate BTC in a final good production function including all stages

of production, and not through a value added production function that only captures a

single stage of production. In addition, we explicitly model the demand for capital as

well as for labor. Typically, past studies on BTC rely on variation in demand across

labor types as the main channel for identification, with no explicit role for capital inputs.

At the same time there is abundant evidence on the strong decline in the relative price of

investment goods and associated substitution of capital for labor, as studied in Krusell

et al. (2000) and Karabarbounis and Neiman (2014). As both jobs and machines are

prone to be shifted across borders, we develop an empirical framework that encompasses

labor as well as capital.

Naturally, while trying to generalize the study of technical change in the presence of

offshoring, we have to restrict ourselves in other dimensions. These are worth stressing

at this point. Firstly, we take observed factor prices as given. To assuage possible con-

cerns about endogeneity, we also provide alternative estimations based on instrumental

variable techniques and show that the main results on the biases in technical change are

robust. Secondly, our analysis only includes employment in the production of final man-

ufacturing goods. Averaged across our set of advanced countries, this makes up about

a quarter of the labor force in advanced countries. We are thus not able to account for

various general equilibrium effects that may determine overall labor demand (see Goos,

Manning and Salamons 2014). Thirdly, we characterize workers by educational attain-

ment. Autor, Dorn and Hanson (2015), in a study of local labor markets in the US, found

that the impact of imports from China and technology shocks differs across subnational,

occupational, sectoral as well as demographic groups.

The remainder of this paper is organized as follows. Section 3.2 describes data con-

struction and sources. Section 3.3 documents the changing characteristics of GVC pro-

duction, and illustrates the richness of data we have to quantify BTC. Section 3.4 outlines

a simple model of GVC production and introduces the final good production function

which motivates our econometric approach to measure BTC. In section 3.5 we present

our main results and show their robustness to various estimation alternatives. Equipped

with the new estimates, we compare the effects of offshoring and BTC on labor demand

in advanced countries in section 3.6. Section 3.7 concludes.
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3.2 Data Construction and Sources

To derive the contribution of domestic and foreign factors to the production of final goods

we build upon a method developed earlier in Valentinyi and Herrendorf (2008) and Los,

Timmer and de Vries (2015).3 Valentinyi and Herrendorf (2008) distinguished between a

value-added production function and a final goods production function. The value-added

function describes the technology of a single stage of production whereas the final goods

function describes the technology encompassing all stages of production. The general

idea in deriving the final goods production function is to net out intermediate inputs

using information on the input-output structure of the world economy. Valentinyi and

Herrendorf (2008) applied this idea in a domestic setting, and Los, Timmer and de Vries

(2015) generalized this to an international setting such that one can map final output into

value added generated domestically as well as abroad. Here, we extend the approach even

further and break down value added into the contribution of various production factors

such that we can analyze factor substitution and BTC in GVCs.

Cost shares and factor prices in GVCs are two key variables in our framework. They

are not directly observable in primary data and we will construct a synthetic dataset by

mapping final goods to value added by labor and capital in any country in the world.

This ex-post accounting framework is based on backward tracing through the production

chain of final products to identify the sources of value added. More formally, consider

a world with countries c = 1, . . . , C and sectors s = 1, . . . , S such that there are CS
country-sector pairs. The GVC of a final product, indexed by v, is identified by the

country and sector where the last stage of production takes place. We start by finding

the levels of gross output in all country-sectors that are associated with the production

of one US dollar of final output of v (yv). This is given by (see, e.g. Miller and Blair

2009):

yv = (I −A)−1zv, (3.1)

where A is the matrix of global intermediate input coefficients with element (a, b) de-

scribing the intermediate inputs sourced by country-sector b from country-sector a as

a share of b’s gross output, and I is an identity matrix of the same size (CS × CS).4

(I −A)−1 is the so-called Leontief inverse, the use of which ensures that factor contribu-

tions in upstream suppliers are taken into consideration. zv is a column vector (CS × 1)

with the element corresponding to GVC v equal to one while all other elements are set

to zero.

In a second step, the gross output requirements are translated into factor demands.

Let fj be a column vector (CS × 1) with elements indicating the payments to factor j
per dollar of gross output for each of the country-sectors. Then:

gjv = Diag
(
f j

)
yv. (3.2)

Here, gjv is the vector of factor costs with elements gcs
jv, indicating the payment to factor

j in each country-sector (c, s) that is involved in value chain v, expressed as a share of

3In turn, this is grounded in the older literature on input-output accounting with multiple regions
going back in particular to work by Miller (1966), and surveyed in Miller and Blair (2009).

4Matrices are indicated by bold capital symbols and vectors by bold lowercases.
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overall costs of v. The cost share of factor j in v (i.e. sjv) is a simple summation of its

payments in contributing country-sectors:

sjv =
∑

c

∑

s

gcsjv. (3.3)

This procedure is repeated for each of the production factors to determine their cost

share in a given GVC.

The same method can be used to derive the quantities, rather than the value, of

factor j needed in the production of v, which we denote by qcsjv. Let the elements of

fj in equation (3.2) refer to the quantities of factor j required per dollar of output in

a country-sector. Again summing across all country-sectors, we can derive the total

quantity of factor j needed in the production of one dollar of v:

qjv =
∑

c

∑

s

qcsjv . (3.4)

Finally, we define the price paid for work carried out by factor j by dividing cost through

quantity:

pjv =
sjv
qjv

. (3.5)

We will refer to these prices as GVC task prices from hereon as they reflect the average

price paid for tasks carried out by factor j in a particular GVC, assuming tasks are

factor-specific (see section 3.4). Task prices will differ across GVCs and over time, due to

changes in factor prices in each country as well as reallocation of production stages across

countries. This variation will allow us to identify elasticities and BTC in our econometric

framework, to be introduced in section 3.5.

For empirical implementation we use the World Input-Output Database (WIOD)

which contains annual information on interindustry flows of goods and services across 35

sectors and 40 countries for the period 1995-2011 (Timmer et al. 2015). All variables

are in current US dollars based on official exchange rates. Sectors correspond to 2-digit

industries in the International Standard Industrial Classification (ISIC, revision 3) and

cover the whole economy; a detailed list is provided in the appendix. It also contains an

estimate for the “Rest-of-the-world” region such that all production and trade flows in

the world are accounted for. This ensures that the mapping from final output to value

added is exhaustive and includes all factors involved in production, which is crucial for

our purposes.

We use additional information on the quantity and cost shares of factor inputs also

provided in the WIOD at the country-sector level. Workers are characterized on the

basis of educational attainment according to levels defined in the International Standard

Classification of Education (ISCED).5 In our baseline analysis we focus on the demand

for two types of workers: college educated and above (ISCED categories 5 and 6), and

5This procedure ensures that international comparability of worker categories is maximized. The im-
plicit assumption is that cross-country wage differences for a worker with a given educational attainment
type reflect factor price variation. Nevertheless, there may be differences in the quality of schooling
within, or even across, ISCED levels. Differences in labor quality not related to formal education are
notoriously hard to measure.
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below college (ISCED 0 to 4). In an additional analysis we split the latter into those

without a high-school diploma (ISCED 0, 1 and 2) and those with at least a high-school

diploma but no college degree (ISCED 3 and 4). Data on hours worked and wages is

provided, including imputations for self-employed and family workers. Capital income is

derived as a residual and defined as gross value added minus labor income. Defined this

way, the sum of factor incomes will be equal to value added in each sector as required for

our mapping.6 Capital quantity is measured as the stock of fixed reproducible capital

at constant prices and covers machinery as well as buildings. Further detail on the data

sources can be found in the appendix.

Throughout this paper we will provide analyses for GVCs of manufacturing products.7

Production of manufacturing goods is characterised by strong international fragmentation

trends, in particular in the 2000s as documented in Los, Timmer and de Vries (2015).

Importantly, the GVC of a manufactured good contains value added from manufacturing

industries, as well as from services and other sectors. For example, a T-shirt is a final

product from manufacturing but contains value added that is produced in agriculture

(e.g. the growing of cotton), in manufacturing (e.g. weaving), as well services (e.g.

logistics).8

The WIOD (November 2013 release) contains data from 1995 up to 2011. We re-

strict our analysis to the period up to the global financial crisis as the identification

of long-term trends might be obscured by the volatile trade patterns after 2007 (Bems,

Johnson and Yi 2013). All in all, we have a panel of 291 global value chains of 14 final

manufacturing products that end in 21 advanced countries, including fifteen European

countries, Australia, Canada, Japan, South Korea, Taiwan and the US.9 It should be

kept in mind however that the factor inputs in these GVCs can come from any region

in the world as the World Input-Output Database covers bilateral trade flows across all

countries, including major emerging economies such as Brazil, China, India and Mexico.

6This implies that capital costs include possible mark up or pure profit components. Ideally these
need to be separately evaluated and may contain trends, but they are notoriously hard to measure
in particular at a disaggregated industry level needed for GVC analysis (see e.g. Karabarbounis and
Neiman 2014).

7Fragmentation of services production is generally much more difficult due to a higher customisation
of the end product and the localized nature of many services delivery. Moreover, the data on services
production in the WIOD is much less detailed than for manufacturing.

8This mapping of final output of a product into value added from multiple sectors is also stressed in
analyses by Johnson and Noguera (2012) and Herrendorf, Rogerson and Valentinyi (2013).

9To be precise, we do not have data on individual products, but on the total output of final products
from a particular manufacturing industry in a particular country (for example final output from transport
manufacturing in Germany). For convenience we refer to these as “products”. In principle we have
data on 14 products times 21 countries which would correspond to 294 GVCs, but three industries in
Luxembourg have zero final output so we have 291 GVCs left. We use annual data for the period 1995-
2007, except 2003 (due to data construction problems in year 2003, see appendix for details). 34 of the
GVC observations have a negative return to capital, such that the actual number of observations that
are used in the panel regressions is (at maximum) 3,496.
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3.3 The Changing Characteristics of Global Value Chain

Production

Using the data constructed as discussed above, we document changes in the character-

istics of GVC production for the period 1995-2007. We present trends in three sets of

variables: foreign value added shares, relative task prices and factor cost shares. As

annual trends have been largely monotonic throughout the period of investigation we

report on changes over the full period 1995-2007 only (annual data is available upon

request from the authors).

3.3.1 The Share of Foreign Value Added in GVCs

Figure 3.1 provides evidence for the strong trend in offshoring by advanced countries in

the production of manufacturing goods since 1995. We define offshoring as the amount

of value added that is generated outside the country-of-completion (that is, the country

were the final stage of production of a GVC takes place). Assuming that GVC v ends in

country c we can define the foreign share as follows:

sFOR
v = 1−

∑

j

∑

s

gcsjv. (3.6)

This share can be considered as a new measure of offshoring. It is a more general

measure than the ratio of imported intermediates over gross output as suggested in

Feenstra and Hanson (1999) as it also includes the imported content of domestically

produced intermediates. The figure shows the Kernel density of the foreign shares in our

set of GVCs for 1995 and 2007. Foreign value added is generally higher for products

such as gasoline (as many countries have to rely on imports of crude oil) and electronics,

the paragon of GVC production. It is also higher for GVCs ending in smaller countries,

presumably as there is a lesser variety of domestic intermediates available for producers in

these countries. But the offshoring trend is widely shared across products and countries,

as evidenced by the shift of the distribution to the right. Foreign value added shares

increased in 248 out of 291 GVCs. Across all GVCs the average share increased from 27.0

percent in 1995 to 33.0 percent in 2007, an increase of 6.0 percentage points. Weighted

with log output, the mean increase is even higher at 6.5 percentage points, as offshoring

was strongest for products finalised in major countries such as Germany, Japan and the

US.

3.3.2 GVC Task Prices

For our analysis of factor biases in GVCs, we are interested in the average price paid for

factor use across all production stages as defined in equation (3.5) which we called GVC

task prices. Figure 3.2 shows the Kernel density plot for the (log) change in average task

prices in our set of GVCs over the period 1995-2007. It plots the price changes of an

hour of a non-college task (solid line) relative to capital, and similarly for a college task
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Figure 3.1: Foreign Value Added Share in GVCs, 1995 and 2007 (in percent)
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Notes: Kernel density of foreign value added shares in final output of a GVC calculated according to equation
(3.6). There are 291 observations for GVCs of manufacturing products.

(dotted line). The prices paid for an hour of a non-college task have declined relative to

prices for a college task by on average 8.4 log points (either unweighted or weighted by log

output). The figure also shows that both labor tasks have become more expensive relative

to capital tasks. The average price paid for capital tasks declined by 5.3 log points relative

to non-college tasks and 13.7 log points relative to college tasks. This trend accords well

with the finding of a rapid decline in prices of investment (in particular of equipment)

relative to labor in many countries (both advanced and emerging).

3.3.3 Factor Cost Shares in GVCs

Figure 3.3 shows changes in the factor costs shares of production factors in GVCs. The

shares are expressed as a percentage of total value added in the GVC as in equation

(3.3). The cost shares of college educated workers and of capital increased rapidly, while

non-college educated workers’ shares declined strongly. This is a pervasive pattern and

found for 280 out of 291 GVCs in the case of non-college educated workers (on average

8.2 percentage points decline) and similarly in 280 GVCs for college educated workers (on

average 4.4 percentage points increase). At the same time we find an increasing capital

cost share in 223 GVCs, with on average a 3.8 percentage points increase.10 Based

on this we conclude that international production cannot be characterised by a Cobb-

Douglas function with constant factor shares. This finding complements Karabarbounis

and Neiman (2014), who document a decreasing trend of the labor share across a large set

10It might be noted that by construction the costs for capital in a GVC include all residual profits
(quasi-rents) in the chain irrespective of the territory where the profits are registered. In a situation of
profit shifting across locations in a GVC, e.g. for tax reasons, analyses of production based on national
data will be affected, but analyses based on GVC data will not. This is an advantage of a GVC-based
analysis of factor biases in technical change. However, both types of analysis will be affected by situations
of profit shifting to locations that are not actually involved in production.
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Figure 3.2: Change in Relative Task Prices in GVCs, 1995-2007 (in log points)
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Notes: Kernel density of change in task prices of college and non-college educated labor in GVCs over the
period 1995 to 2007, calculated according to equation (3.5). Changes are relative to price change of capital.
There are 291 observations for GVCs of manufacturing products.

of countries and sectors. We show here that this also holds true for GVCs that combine

value added from many different sectors and countries.11 In addition the figure shows

that this decline is solely due to a declining cost share of non-college educated workers.

We will exploit our new information on GVC production to jointly estimate price

elasticities and biases in technical change in a flexible econometric framework that allows

for non-constant factor shares in section 3.2. We will show that the large changes in

relative task prices can only explain a minor part of the changes in factor cost shares,

such that there must have been sizable biases in technical change. To motivate this

approach we will first outline a simple model of international production.

3.4 A Task-Based Model of GVC Production

We model a representative cost-minimizing firm that faces the possibility to offshore

production tasks along the lines suggested by Grossman and Rossi-Hansberg (2008).

Assume that the production process of a (single final product) firm makes use of three

types of tasks. Each of these requires the input of a single production factor, either

capital (indexed by a subscript K), non-college labor (N) or college-educated labor (H).

The set of tasks of each type is given by a continuum that is normalized to unity. We

assume that each task requires the same amount of the corresponding production factor,

irrespective of where they are performed. The firm chooses the total amount of factor j
that is used for each task, which we denote by Ijv ; Grossman and Rossi-Hansberg (2008)

11The finding by Karabarbounis and Neiman (2014) does not imply this as long there are differences
in the level of the capital share across countries (and sectors). Capital shares might increase in each
stage of the GVC, but the capital share in the overall GVC will also depend on possible shifts in value
added between stages such that it may be non-increasing at the aggregate.
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Figure 3.3: Change in Factor Cost Shares in GVCs, 1995-2007 (in percentage points)
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Notes: Kernel density of change in cost shares in GVCs for three factors: college and non-college educated
labor and capital. Change over the period 1995 to 2007, calculated according to equation (3.3). There are 291
observations for GVCs of manufacturing products.

refer to this as the ‘task intensity’12). The unit cost of Ijv is given by:

pjv =
∑

c

xc
jvp

c
jv. (3.7)

We refer to pjv as the ‘task price’ for factor j in GVC v. The task price is a weighted

average of the corresponding factor prices in each country pcjv, where the weights xc
jv

reflect a given task division across countries. That is, xc
jv is the share of the continuum

of tasks performed in country c so that
∑

c x
c
jv = 1. Importantly, task prices will vary

across GVCs as well as over time. As tasks move to lower-cost locations, the task price

faced by the firm will decline (ceteris paribus country-specific factor price developments).

In order to avoid cluttering notation, we refrain from using a time index at this stage.

Taking the task price vector pv = {pKv, pNv, pHv} as exogenously given, the cost-

minimization problem of the firm for a given level of output Yv is given by:

min [pKvIKv + pNvINv + pHvIHv ] subject to Fv (IKv, INv, IHv, A) = Yv, (3.8)

where the production function Fv depends on the level of technology A and features

constant returns to scale with respect to task intensities. The cost-minimizing choice of

factor inputs should satisfy the following first-order conditions:

FvN (IKv, INv, IHv, A)

FvK(IKv , INv, IHv , A)
=

pNv

pKv
, (3.9a)

FvH(IKv, INv, IHv, A)

FvK(IKv , INv, IHv , A)
=

pHv

pKv
, (3.9b)

Fv(IKv, INv, IHv , A) = Yv. (3.9c)

12To be precise, they define the task intensity ajv as the factor use per unit of output. Hence Ijv =
ajvYv where Yv is the level of output.
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where Fvj ≡ ∂Fv/∂Ijv denotes the marginal product of factor j. The first two conditions

equate the marginal rate of technical transformation to the ratio of prices for each of

the three production factors, while the last condition restates the production constraint.

After loglinearizing these equations we can solve them for the relative changes in task

intensities:13

d ln Ijv =
∑

l

εjlvd ln pjv + d ln Yv −
∂ lnFv

∂ lnA
d lnA+

∑

l 6=j

εjlv
∂ ln[Fvj/Fvl]

∂ lnA
d lnA, (3.10)

where εjlv is the elasticity of the demand for factor j with respect to the task price of

factor l. This equation shows that changes in task intensities are driven by changes in task

prices (first term), the level of output (second term) and technology (the last two terms).

The effect of technical change is twofold. First, it increases the Total Factor Productivity

(TFP) of all production factors, which implies that for a given amount of output the

firm needs less inputs (hence the negative sign in front of [∂ lnFv/∂ lnA]d lnA). This

reduction is the same for all factors. Second, there might be a bias in the direction of

technical change. According to the definition put forward by Acemoglu (2002), technical

change is biased towards the use of factor j at the expense of factor l if it increases the
marginal productivity of the former relative to the latter.14 That is:

∂ [Fvj/Fvl]

∂A
> 0. (3.11)

Equation (3.10) shows that the total bias in favor or against a given production factor

is a weighted sum of the bilateral biases with respect to each of the other factors, with

weights given by the cross-price elasticities. If the overall effect is positive then demand

for this input increases with biased technical progress, otherwise it decreases.

As before, we let sjv = pjvIjv/
∑

l plvIlv denote the GVC cost share of factor j. It

follows that:

d ln sjv = [1+εjjv−sjv]d ln pjv+
∑

l 6=j

[εjlv−slv]d ln plv+
∑

l 6=j

εjlv
∂ ln[Fvj/Fvl]

∂ lnA
d lnA. (3.12)

Equation (3.12) shows that changes in cost shares depend on task price developments

and possible biases in technical change. As we assume constant returns to scale, changes

in output and TFP do not play a role (see appendix for derivation and proof). A bias in

technical change, on the other hand, increases the cost share of the favored production

factor at the expense of the others.

3.5 Estimating Substitution and Biased Technical Change

in GVCs

The key to econometrically test for BTC is to choose a parsimonious but flexible func-

tional form that includes all factors of production and admits a variety of (time-varying)

13Details of the derivation can be found in the appendix.
14Note that factor-biased technical change is different from factor-augmenting technical change (see

Acemoglu 2002).
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substitution patterns. In line with our theoretical model we therefore choose a translog

cost framework that allows for the joint identification of BTC and price elasticities. This

general framework allows the substitution elasticities to vary across different pairs of

production factors. This is an important advantage in empirical analysis with more than

two factor types.15 We outline this framework in section 3.5.1. Exploiting time-series

variation in factor cost shares and task prices in GVCs, we estimate the baseline model,

presenting results in section 3.5.2. In section 3.5.3 we provide various tests of robustness

to alternative regression specifications. In section 3.5.4 we extend the baseline model to

test for a specific instance of BTC motivated by the routinization hypothesis.

3.5.1 Econometric Setup

For a particular product v the (log) cost function is given by:

lnCv (pvt, Yvt, t) = α+ lnYvt +
∑

j

βjv ln pjvt +
1

2

∑

j

∑

l

γjl ln pjvt ln plvt

+ βT t+
1

2
γTT t

2 +
∑

j

γjT t ln pjvt, (3.13)

where Cv represents total variable cost and is a function of task prices pjvt and output

Yvt.
16 We have imposed constant returns to scale which implies

∑
j βjv = 1 and

∑
l γjl =

0 for any j. Symmetry necessitates that γjl = γlj . Note that the βjv parameters are

GVC-specific.17 Using Shephard’s Lemma, the corresponding cost share equation for

task j is given by:

sjvt =
∂ lnCv(pvt, Yvt, t)

∂ ln pjvt
= βjv + γjj ln pjvt +

∑

l 6=j

γjl ln plvt + γjT t. (3.14)

Since the cost shares sum to one
∑

j γjT = 0. Given that we have three types of tasks

(j = K,N,H) this forms a system of three linear equations, which we estimate using

Zellner’s iterated seemingly unrelated regression (ISUR). One equation is redundant such

that we drop the equation for capital and transform the other equations accordingly, that

is, using task prices relative to the price of capital when we perform the estimation. We

use the cost share equation restrictions to derive the parameters for capital that are also

reported in the regression result tables.18

We can compare the empirical specification in (3.14) directly with its theoretical

counterpart in equation (3.12). Recall that the latter is given in terms of relative changes

15See Jorgenson (1986) for a survey on the standard econometric approach to modelling the rate and
biases of technical change. The translog cost function set-up has also been used by Hijzen, Görg and
Hine (2005) and Michaels, Natraj and van Reenen (2014).

16We imposed constant returns to scale such that there are no cross-terms of the level of output with
factor prices.

17The constant term βjv = βj + βv is the sum of a product and a country fixed effect. Thus we
allow for differences in production technologies across GVCs as well as for differences across countries
where the last stage of production is located. These dummies are jointly significant at a high level in all
regressions.

18Note that the choice which equation to drop is arbitrary: it does not affect the estimates as we use
ISUR.
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d ln sjvt = dsjvt/sjvt. We can therefore derive the following relationship between the

model parameters and estimated coefficients on task prices:

εjlvt =
γjl
sjvt

+ slvt for j 6= l, (3.15a)

εjjvt =
γjj
sjvt

+ sjvt − 1. (3.15b)

Hence, from the estimates of γjl and given the GVC-specific cost shares sjvt we can

compute the price elasticities of the demand for factor j with respect to the task price

of factor l. The effects of biases in technical change on cost shares are captured by the

time trends γjT :

γjT = sjvt
∑

l 6=j

εjlvt
∂ ln[Fvj/Fvl]

∂ lnA

d lnA

dt
. (3.16)

Note that the γjT coefficients capture the (weighted) bilateral biases in technical change.

Finally, we check whether the estimated cost function is consistent with cost mini-

mization behaviour. Cost functions are well-behaved if they are quasi-concave in task

prices. This implies that the so-called Hessian matrix of second-order derivatives with

respect to task prices must be negative semi-definite. The Hessian matrix is given by

Γ−Diag(sv) + svsv
′, where Γ refers to the symmetric matrix containing all γjl param-

eters, and sv is a column vector of cost shares of each factor (which is specific for each

GVC). When evaluating the eigenvalues at the simple average of the cost shares, we find

that they are non-positive for all regression alternatives such that we can be confident

that the estimation of our model for GVC production generates economically meaningful

results.19

3.5.2 Baseline Results

In column (1) of Table 3.1 we report on the baseline regression. All coefficients are

significantly different from zero at the 1% level and the model performs well in explaining

cost shares for all factors as shown by the high R-squares. The γjl coefficients can be used

to derive prices elasticities according to equations (3.15a)-(3.15b). We follow common

practice and evaluate the elasticities on the basis of simple average cost shares across

all observations. Results are given in Table 3.2. The implied own-price and cross-price

elasticities have the expected signs: negative for the former and positive for the latter.

In addition, the Morishima elasticities of substitution reveal that capital appears to

be a complement for both college and non-college educated workers as elasticities are

well below one, which is in line with the general findings in the literature, see Chirinko

(2008).20

19Ideally the eigenvalues of this matrix should be evaluated for each observation as suggested by
Diewert and Wales (1987), although this is rarely done. We find that for the baseline specification
merely 20 out of 3,496 observations have positive eigenvalues, which suggests that the Hessian matrix
associated with the estimated translog cost function is indeed negative semi-definite in almost all cases.

20Compared to the well-known Allen-Uzawa (partial) elasticities, the Morishima elasticities are more
general (Blackorby and Russell 1989). They are asymmetric and for a pair of factors j and l it is given
by εjl−εll. Elasticity of non-college educated versus college is 0.919 and versus capital 0.541; for college
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Table 3.1: Explaining Factor Cost Shares in Global Value Chains, 1995-2007

(ISUR estimates, dependent variables: annual cost shares in GVCs)

(1) (2) (3) (4) (5) (6)

Baseline
Nonlinear

BTC

Lagged

prices
Pred. Task
Allocation

Long

Difference
Last
Stage

γNN 0.0860 0.0859 0.0742 0.0648 0.1190 0.0977
[0.0029] [0.0029] [0.0033] [0.0046] [0.0085] [0.0063]

γNH 0.0174 0.0182 0.0181 0.0297 -0.0224 -0.0133
[0.0025] [0.0025] [0.0028] [0.0044] [0.0074] [0.0060]

γNK -0.1033 -0.1041 -0.0924 -0.0944 -0.0966 -0.0844
[0.0022] [0.0022] [0.0027] [0.0026] [0.0055] [0.0019]

γHH 0.0242 0.0234 0.0174 0.0081 0.0722 0.0463
[0.0029] [0.0029] [0.0032] [0.0047] [0.0085] [0.0060]

γHK -0.0416 -0.0416 -0.0356 -0.0378 -0.0498 -0.0330
[0.0014] [0.0014] [0.0016] [0.0015] [0.0040] [0.0009]

γKK 0.1449 0.1458 0.1279 0.1322 0.1464 0.1174
[0.0027] [0.0027] [0.0033] [0.0031] [0.0059] [0.0023]

γNT -0.7392 -0.7489 -0.7478 -8.5500 -0.9070
[0.0145] [0.0180] [0.0159] [0.1976] [0.0307]

γHT 0.3610 0.3544 0.3769 3.5391 0.4119
[0.0088] [0.0105] [0.0096] [0.1491] [0.0148]

γKT 0.3782 0.3945 0.3710 5.0109 0.4950
[0.0168] [0.0214] [0.0185] [0.1994] [0.0358]

Obs 3,496 3,496 2,912 3,496 291 3,452

R2
N 0.8532 0.8540 0.8295 0.8294 0.5449 0.7406

R2
H 0.8496 0.8510 0.8416 0.8416 0.3564 0.7854

Notes: Estimation of parameters determining factor costs shares in system of equations as given in formula
(3.14). First six explanatory variables refer to (cross) task price effects and last three to biases in technical
change. Subscripts refer to college educated labor (H), non-college educated labor (N), capital (K) and time
(T ). In baseline model we assume a linear trend in the biases in technical change. In column (2) year dummy
interactions are added. The estimates of γjT , i.e. annual cumulative BTC, are plotted in figure 3.4. In
column 3 task prices based on GVC task allocation in previous year are used. Column (4) reports second stage
results from 2SLS estimation using predicted task prices through offshoring propensity of other industries and
countries. Column (5) is based on long-difference (2007 minus 1995) instead of annual. Column (6) reports on
regression using information on cost shares and task prices in last stage of GVC production only. All regressions
include 291 GVC product dummies and 21 country (last stage of production) dummies, and are estimated in
a system with iterative seemingly unrelated regression (ISUR). R2 are reported for college and non-college
labor equations. Parameters involving K are implicitly derived using the parameter restrictions discussed in
the main text. Parameters referring to time are multiplied by 100.

The effect of BTC on cost shares is summarized by the time trends γjT . The estimates

reveal a highly significant bias in the overall effects of technical change against non-college

educated labor, and in favor of college-educated labor and in particular capital. This is

the total bias, which is a weighted average of the bilateral biases. Given our estimates

of the time trend and the price elasticities we can use equation (3.16) to determine the

extent to which technical change is biased towards one type of task at the expense of

another.21 We find that the marginal product of capital tasks has increased yearly by

educated versus non-college 0.888 and versus capital 0.741; and finally for capital versus non-college
0.394 and versus college 0.363.

21Note also that the technical bias terms will be GVC-specific as γjT is the same for all GVCs but
the price elasticities (and factor shares) are not. We evaluate at the simple average of the cost shares
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5.1% relative to non-college tasks and by 0.9% relative to college tasks. Both bilateral

biases are positive and contribute to the total positive bias effect. In contrast, for college

tasks the two bilateral biases work in opposite directions. The marginal product ratio

relative to capital has gone down, but relative to non-college tasks it has gone up by

4.2% each year. The total effect is positive as evidenced by the positive and significant

value of γHT. For non-college labor both bilateral biases are negative, as is the overall

effect.

The overall bias effects of TC are not only statistically, but also economically highly

significant. In fact, the cumulative effect of BTC on the cost share of non-college educated

workers in manufacturing GVCs over the twelve year period, calculated as 12 × γNT ,

accounts for an 8.9 percentage point decline from its initial share of 49.7 percent in

1995 (so an 18 percent decline). The largest effect of BTC is found for college tasks,

driving up the cost share by 4.3 percentage points from its initial level of 13.7 percentage

points (31 percent increase). BTC increased the cost share of capital by 4.5 percentage

points (12 percent increase from its initial level). These effects are much bigger than the

effects of relative task price changes. Combining the actual task price changes as given

in section 3.3 with the estimated coefficients on relative prices from column (1) in table

3.1, we find that price developments can only explain 0.7, 0.4 and -1.1 percentage points

of the respective cost share changes for college, non-college and capital. The overriding

importance of BTC in driving factor demand in GVCs is our major finding that appears

to be robust to various alternative specifications as will be shown below.

Table 3.2: Price Elasticities of Tasks in GVCs

pK pN pH
K -0.2384 0.1858 0.0526

N 0.1550 -0.3548 0.1998

H 0.1240 0.5647 -0.6886

Notes: Own- and cross-price elasticities of tasks in GVCs based on equations (3.15a) and (3.15b), using the
estimated coefficients on task prices from the baseline in Table 3.1. Prices (p) for college educated labor (H),
non-college educated labor (N) and capital (K) tasks. Elasticities are evaluated at the average cost shares
across all GVCs and years, which are sK = 0.3812, sN = 0.4570 and sH = 0.1617.

3.5.3 Robustness Analysis

In table 3.1, we provide a series of tests to check for the robustness of the baseline results.

In the baseline model biases in technical change are modelled as linear trends, but this

might be overly restrictive. For example, both Firpo, Fortin and Lemieux (2011) and

Autor, Dorn and Hanson (2015) suggested that the impact of technical change on US

labor markets was stronger in the 1980s and 1990s than in the 2000s. The model of

directed technical change by Acemoglu, Gancia and Zilibotti (2015) also points to the

possibility that the factor bias might change over time. In particular they show that when

technical change is endogenous with respect to factor abundance, increasing opportunities

for offshoring to low-wage countries might direct innovation towards (unskilled) labor-

using technologies. To capture the potential non-linearity of changes in BTC in our

across GVCs and make use of the price elasticities given in table 3.2.
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empirical model, we follow Baltagi and Griffin (1988) who proposed a general index

approach in which the time trend t is replaced by year dummies using the first year as a

reference. For a task j, γjT t is replaced by
∑12

t=2 λjtDt where Dt are year dummies. The

parameter restriction
∑

j γjT = 0 is subsequently replaced by
∑

j λjt = 0 for all t. As

shown in column (2), the elasticity estimates are barely affected, and more importantly,

the estimated the estimated BTC γjT as plotted in figure 3.4 shows a strong linear trend.

Consequently further results in this paper are shown for the linear bias model only.22

Figure 3.4: Estimated Annual Cumulative Biased Technical Change
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Notes: Based on the estimates of nonlinear BTC (i.e. γjT ) in column (2) of table 3.1.

A major worry in our current set-up might be the assumed exogenous nature of task

prices. These prices are a weighted average of the factor prices around the world, with

weights determined by the locations of the various production stages. Exogeneity might

be defended in an admittedly extreme model of global production where offshoring is

costless but technically constrained. An improvement in offshoring possibilities then

leads to a reallocation of tasks towards a lower-cost location and a corresponding decline

in the task price, which is exogenous to individual firms. In reality location choices are

likely to respond to differences in factor prices at home and abroad (including non-zero

offshoring costs), thus making the task prices (at least partly) endogenous.23 In addition,

offshoring might affect local factor demand and therefore factor prices. This channel of

reverse causality is muted however as we analyze only a subset of the labor force in

advanced countries, namely those employed in GVC production of manufacturing goods.

Summed across all our GVCs, GVC employment makes up 23.1 percent of the labor force

(averaged across our 21 countries).

We provide two alternative estimation strategies to assuage these endogeneity con-

cerns. First we simply instrument by previous year factor prices. That is, we construct

22In additional work, we also relaxed the constraint on returns to scale. There appears to be a minor
scale-bias against non-college tasks and in favor of capital. This moderates the estimates on BTC for
these factors, albeit to a limited extent. We also weighted each observation with the final output of the
GVC and similarly found little effect.

23See Antràs and Yeaple (2014) for an overview of the literature on location choice in GVCs.
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the task prices in year t using national factor prices in year t − 1 in combination with

the task allocation across countries in year t. Results are given in column (3) and are

highly comparable to the baseline results. Column (4) reports on a more sophisticated

instrumenting approach in the vein of Autor, Dorn and Hanson (2013). In the first stage

we predict the share of the tasks that are offshored, that is, the share of working hours

of a particular factor that will be undertaken in labor-abundant countries (defined as

all countries in the world except the 21 advanced nations studied here). This prediction

is based on a weighted average of the offshoring propensity of all other sectors in the

country, as well as on the offshoring propensity of the same sector in other countries.

Thus we take account of possible country-specific as well as sector-specific circumstances

that determine offshoring. The sector-specific and the country-specific propensities are

both highly significant in predicting offshoring. For non-college educated workers, the

first-stage weights for the country and sector effect are 0.568 and 0.432, respectively (R-

square of 0.593), while for college educated workers they are 0.462 and 0.538, respectively

(R-square of 0.702). In the second stage we use the predicted share of offshored tasks

to predict task prices, and use these to estimate the system of cost share equations as

in equation (3.14). Reassuringly, the differences compared to the baseline results are

minor and in particular the estimates of the biases in technical change are of a similar

magnitude.

Another concern might be that our baseline regression is affected by non-random

measurement error driven by the use of volatile annual data, obscuring long-run trends.

In particular the rental rate of capital can be influenced at high frequency, for example

by short-run changes in interest rates or more generally, by adjustment costs following

investment booms. Following Michaels, Natraj and van Reenen (2014), we therefore es-

timate a long-difference model of 12 years which brings down the number of observations

to 291 GVCs. The results reported in column (5) show that the parameter estimates

differ somewhat from the baseline, but the BTC time trends are in the same direction

and the overall bias in favor of capital is even more pronounced.

A main contention of this paper is that the GVC approach is a conceptually attrac-

tive alternative to the standard approach for quantifying BTC which focuses only on

the last stage of production. Following Denny and May (1977) we test for the paramet-

ric restrictions corresponding to a homothetically separable production function. These

tests strongly reject homothetic weak separability of the last stage. Put otherwise, when

measuring biases in technical change one should treat factor inputs in the last stage

together with inputs in other stages of production, as in the GVC approach.24 But

is it also empirically relevant in terms of the estimated BTC trends? One might ex-

pect that because of observational equivalence, ignoring offshored stages would lead to

overestimated biases. In the last column of Table 3.1 we provide parameter estimates

using data on factor cost shares and prices used in the last stage only.25 Biases in TC

appear to be overestimated compared to our baseline regression. The total bias effect

of technical change is estimated to be even more negative for non-college work, while

24Results available upon request. This finding fits earlier work that investigated the existence of value
added functions in US industries, as surveyed in Jorgenson (1986). Gross output production functions
were typically found to be non-separable in value added.

25In 2007, value added in the last stage made up only 32.4% of final output on average across our 291
manufacturing GVCs.
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the positive bias for college work and in particular for capital is estimated to be much

higher. Importantly, the overestimation of the labor biases remains also after including

an indicator for offshoring as is typically done in single-stage studies.26 We conclude that

the GVC approach is an attractive alternative to measuring BTC in global production,

both conceptually as well as empirically.

3.5.4 The Role of Information and Communication Technology

So far, we have found evidence for biases in technical change without specifying what

type of technology might be responsible for this. Much of the recent research on tech-

nical change has revolved around testing the “routinization hypothesis” put forward by

Autor, Levy and Murnane (2003). It states that new information technology capital

complements workers engaged in abstract tasks, substitutes for workers performing rou-

tine tasks, and has little effect on workers performing manual and services tasks. This

hypothesis has been corroborated by Goos, Manning and Salamons (2014) using data on

changes in occupational employment structures in industries for a large set of advanced

countries. But we showed in section 3.5.3 that analyses such as these that rely on single-

stage data are likely to overestimate the bias in technical change towards non-college

educated workers, and this finding might carry over to analyses of the routinization hy-

pothesis. Unfortunately, we cannot directly test this in the context of our multi-stage

GVC model as there is no comparable data on workers and wages by occupation that

cover a large set of advanced as well as emerging economies. We follow Michaels, Natraj

and van Reenen (2014) and rely on our educational attainment data instead and split

non-college educated workers into medium-educated (ISCED classes 3 and 4: high school

and above but below college) and low-educated workers (ISCED 0,1 and 2: up to high

school), implicitly assuming that jobs carried out by medium-educated workers provide

a good, albeit imperfect, proxy for the number of routine-intensive jobs.

Figure 3.5 provides the changes in task prices and cost shares in GVCs for our new

four-factor split in analogy to the three-factor split presented in section 3.3. The compar-

ison reveals major differences in price and cost share trends: the price of low-educated

work in GVCs declined on average with 15.5 log points, whereas the price of medium-

educated work actually increased, almost in line with the price increase of high-skilled

work. This finding supports the offshoring model presented in Feenstra and Hanson

(1997) that showed how FDI from advanced countries might increase demand for above-

average skilled labor in the host economy. Cost shares of low- and medium-skilled di-

verged in similar fashion with the largest declines found for the least skilled workers.

We re-estimate our baseline model with a system of three cost equations (again drop-

ping the equation for capital) and find a sizeable difference in the bias in TC towards low-

and medium-educated labor. The first column in Table 3.3 shows that TC is strongly

biased against low-educated labor with an implied bias of 7.4 percentage points over the

twelve-year period. We also find a significant bias against medium-educated workers, but

26For example, when we include foreign value added as a percentage of total output as a measure
of offshoring (as defined in equation 3.6), the implied biases towards capital, non-college and college
educated workers are 0.343, -0.814 and 0.471, respectively.
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Figure 3.5: Change in Task Prices and Factor Cost Shares in GVCs (four factors, 95-07)
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this one is much smaller at 0.77 percentage points. Compared to the model with three

factors, the estimated biases in favor of high-educated workers and capital are somewhat

smaller but still sizable.

To test specifically for the routinization hypothesis we need to include an indicator

that captures the use of information technologies. We follow Michaels, Natraj and van

Reenen (2014) and include the (log) stock of ICT capital per worker as an independent

variable, derived from the EU KLEMS database (O’Mahony and Timmer 2009) and

comprised of software, computer hardware and communication equipment stocks. This

indicator is based on annual ICT use in the last stage only as this type of information

is not available for most less advanced countries. Given the fact that many GVC head-

quarters are located in advanced economies, it is not implausible to assume that most

of the ICT outlay within GVCs will take place there such that this indicator provides a

reasonable proxy for ICT use throughout the chain. Note that the ICT indicator differs

across products and countries as well as over time, as we have annual data. We have ICT

use data for 12 advanced countries and some countries do not have a full coverage for all

years, such that the number of observations that can be used drops from 3,496 to 1,999.27

As this sub-sample is not likely to be random, we re-estimate the baseline model for the

subset of observations. Results in column (2) show that the estimated biases in TC are

in the same direction as for the full data set, albeit with some differences in magnitudes.

Based on this restricted data set we subsequently test the routinization hypothesis and

add the ICT indicator as one of the explanatory variables in the cost share equation

system.

The results given in the last column of Table 3.3 provide strong evidence in support

of the routinization hypothesis in the context of GVC production. By far the biggest

impact of information technology is found on the demand for medium-educated workers:

the coefficient on ICT use is negative and highly significant. The time coefficient on

medium-educated work turns mildly positive, which indicates that much of the bias in

27These countries are Australia, Austria, Denmark, Finland, Germany, Italy, Japan, Netherlands,
Spain, Sweden, United Kingdom and USA.
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Table 3.3: Explaining Cost Shares of Four Factors in Global Value Chains, 1995-2007

(ISUR estimates, dependent variables: annual cost shares in GVCs)

(1) (2) (3)

Baseline Restricted Sample Including ICT

γLT -0.6160 -0.5186 -0.5138
[0.0133] [0.0136] [0.0174]

γMT -0.0640 -0.1489 0.0872
[0.0142] [0.0191] [0.0244]

γHT 0.3323 0.3428 0.3790
[0.0098] [0.0116] [0.0147]

γKT 0.3478 0.3247 0.0476
[0.0172] [0.0194] [0.0253]

γL,ICT -0.0005
[0.0009]

γM,ICT -0.0183
[0.0013]

γH,ICT -0.0029
[0.0008]

γK,ICT 0.0217
[0.0014]

Obs 3,496 1,999 1,999

R2
L 0.9118 0.9349 0.9347

R2
M 0.8774 0.8661 0.8794

R2
H 0.8495 0.8793 0.8798

Notes: Estimation of parameters determining the system of factor cost share equations (3.14). Showing
only results for possible biases in technical change. Subscripts refer to college educated labor (H), high-
school and above, but below college, educated labor (M), and up-to-high-school educated labor (L),
capital (K), time (T ) and ICT use, which is measured as amount of ICT capital per worker in the last
stage of production. Column (1) reports on baseline model including all GVC observations and column
(2) on sample which is restricted to those GVCs for which there is data on ICT use. Column (3) includes
ICT use as explanatory variable. All regressions include a GVC product dummy and country dummy, and
are estimated in a system with iterative seemingly unrelated regression (ISUR). R2 is reported for each
labor factor equation. Parameters involving K are implicitly derived using the parameter restrictions.
Parameters referring to time are multiplied by 100.

TC against medium-educated workers is explained by the use of ICT. This is in line

with the findings of the study by Michaels, Natraj and van Reenen (2014) that used

data on single-stage production only. Interestingly, ICT use also explains almost all

of the effects of BTC on the capital cost share. The significance of γKT falls and the

remaining bias in TC, not related to the use of ICT, is small.28 Also in accordance with

the hypothesis, we find that ICT use does not impact the use of low-educated work in

GVC production. More surprisingly, ICT does not seem to be a major driver of BTC in

favor of high-educated work: γH,ICT is quantitatively small and even negative in sign,

while γHT remains highly significant after including ICT use and, if anything, increases.

28It should be noted that this finding is not the obvious result of our capital measure. The correlation
between our ICT capital indicator and the price of capital is low (0.14) such that this finding is not
due to collinearity. In general, ICT capital is only a small part of the capital stock as machinery and
buildings have much longer life times and lower depreciation rates than computers and software. On
average ICT capital makes up only 15.2 percent of the capital stock (based on EU KLEMS database,
see O’Mahony and Timmer 2009).
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All in all, we conclude that our finding of a bias in TC against medium-skilled labor

and in favor of capital can for a large part be explained by ICT use in the last stage of

the production chain. This is in line with the routinization hypothesis put forward by

Autor, Levy and Murnane (2003). Additional analysis based on the task content of GVC

production is needed for providing more direct tests, and might shed further light on the

possible complements between high-skilled tasks and ICT use.

3.6 The Impacts of Offshoring and BTC on Domestic

Labor Use in GVC Production

The main problem posed by the observational equivalence of offshoring and BTC is in

quantifying their separate effects on domestic labor demand. Our GVC approach solved

the observational equivalence problem and provided a clean estimate of BTC in produc-

tion. This offers the opportunity to revisit the debate on the relative strength of the two

labor demand drivers in advanced countries. We will do so using a simulation exercise

rooted in our GVC production model. We assume that the bias in technical change

towards a particular factor affects domestic and foreign factors in the GVC alike. Then

we simulate the effects of BTC, as measured in the previous section, on domestic labor

demand keeping the task allocation in the GVC constant. Alternatively, we simulate the

effects of the actual change of the task reallocation in the GVC under a scenario of no

BTC.

As before, this analysis pertains to employment related to GVC production of man-

ufacturing goods. This obviously comprises only a subset of the active labor force in an

economy. Summed across all our GVCs, GVC employment makes up 23.1 percent of the

labor force in 1995 (averaged across our 21 countries). We refer to this as GVC employ-

ment. We thus do not claim to provide an assessment of the overall impact on labor

demand in each country. Moreover, we fully realize that changes in prices, production

location and technology most often do not take place in isolation and therefore do not

want to suggest that we are able to parse them out completely. This would require a full

general equilibrium set up of global demand and production which is outside the scope

of this paper. Nevertheless, we do believe this simple exercise contributes to a better

understanding of what drives domestic labor demand.

Figure 3.6 shows the kernel density of the foreign share of hours worked in GVCs

for 1995 and 2007. Subplot (a) depicts the density function for non-college educated

workers and (b) similarly for college educated workers. The foreign share is defined as

one minus the domestic share, where domestic refers to hours worked in the country

where the last stage of production takes place. It thus can be considered as an indicator

of the amount of work that is offshored within a particular GVC. There is a clear trend

for both types of labor: the foreign share increased in 263, respectively 235, out of the

291 GVCs. As expected the increase is much larger for non-college work than for college

work: the unweighted mean share increased 10.4 percentage points for non-college and

5.7 for college (median increased by 14.4 and 7.9 percentage points). In 2007, 86 percent

of the offshored non-college hours was carried out in non-advanced countries. In contrast,
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only 57 percent of the offshored college hours was carried out in non-advanced countries,

indicating that almost half of the hours was relocated to other advanced countries.29

The latter finding is particular relevant for quantifying the overall effects of offshoring

on local labor demand, as it is the ‘net’ effect of GVC production reallocation across

all GVCs that should be considered. Our findings suggest that in particular in the

case of college-educated work, the negative effects of offshoring on labor demand in the

domestic economy will be moderated by offshoring from other advanced economies. In

the simulation we will thus measure the ‘net’ effects of reallocation of tasks across all

GVCs.

Figure 3.6: Change in Task Prices and Factor Cost Shares in GVCs (four factors, 95-07)
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(a): Non-college Educated Workers, (b): College Educated Workers

Notes: Kernel densities of foreign shares in total hours worked in GVC. Total hours worked in a GVC is
calculated according to equation (3.4). The foreign share is defined as one minus the domestic share, where
domestic refers to hours worked in the country where the last stage of production takes place.

Our goal is to analyze changes in the demand for a particular factor j in a given

country c related to GVC production of manufacturing goods. To do so, we start with

the expression for the change in demand for tasks associated with factor j in a particular

GVC v (Ijv), repeated from (12):

d ln Ijv =
∑

l

εjlvd ln pjv + d lnYv +


∑

l 6=j

εjlv
∂ ln[Fvj/Fvl]

∂ lnA
−

∂ lnFv

∂ lnA


 d lnA. (3.17)

We simplify in order to focus on a comparison of the effects of GVC reallocation and

BTC. More specifically, we keep final demand levels Yv constant30 and assume that TFP

growth [∂ lnFv/∂ lnA]d lnA is zero, such that:

d ln Ijv =
∑

l

εjlvd ln pjv +
∑

l 6=j

εjlv
∂ ln[Fvj/Fvl]

∂ lnA
d lnA. (3.18)

2954.3 out of 63.4 percentage points of foreign non-college hours was carried out in non-advanced
countries, and 25.3 out of 44.3 percentage points for college, see appendix table A.1.

30Goos, Manning and Salamons (2014) showed that there are important final demand effects that
determine aggregate employment patterns, alongside within-industry developments. Similar effects might
play a role here, as BTC and task reallocation leads to changes in relative prices of final goods. This
requires a full general equilibrium set up for multiple countries and interlinked sectors which is outside
the boundary of this paper and left for future work.
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For a given country c, total GVC employment of factor j (Ec
j ) is the sum of employment

of j across all global value chains v:

Ec
j =

∑

v

xc
jvIjv , (3.19)

where xc
jv is the share of factor-j tasks in GVC v carried out by country c, as defined in

section 3.4. The change in employment at the country level is then a weighted average

of changes in GVCs, with weights given by the national employment shares:

d lnEc
j =

∑

v

xc
jvIjv

Ec
j

[d lnxc
jv + d ln Ijv ]

=
∑

v

xc
jIjv

Ec
j

{
d lnxc

jv

︸ ︷︷ ︸
task shares

+
∑

l

εjlvd ln plv

︸ ︷︷ ︸
task prices

+
∑

l 6=j

εjl
∂ ln[Fvj/Fvl]

∂ lnA
d lnA

︸ ︷︷ ︸
biased technical change

}
. (3.20)

This equation shows that we can simulate three demand drivers for a particular factor

j in country c. The first two are related to reallocation of tasks across countries within

GVCs. This first term, denoted by ‘task shares’, picks up the net effect of offshoring by

domestic and foreign GVCs. The second term, ‘task prices’, captures the effect of changes

in task prices within GVCs, moderated by the various price elasticities. When the price

of a particular task declines this will, ceteris paribus, increase use of the task throughout

the GVC, that is, increase demand for this factor in all countries that participate. Note

that in principle task price change is determined by changes in national factor prices

as well as by task reallocation across countries within GVCs, see equation (3.7). We

keep the national factor prices constant such that it only simulates the effect of task

reallocation. For example, when in a GVC v more tasks by factor l are offshored to lower

wage countries, the corresponding task price plv will decline. The last element picks up

the effects of BTC, again moderated by the task price elasticities. It will vary across

factors, but it is assumed to affect domestic and foreign factors symmetrically.

In our simulation exercise we will substitute in the actual change in one particular

element for the period 1995-2007, while keeping all other elements constant at their 1995

level. Results are given in table 3.4 separately for non-college educated workers (first three

columns) and college educated workers (last three columns) for each of our 21 countries.

We find a clear asymmetry in the effects on demand for both labor types. The average

across countries, given in the last row, suggests that task-reallocation within GVCs and

biases in technical change have comparable effects on domestic demand for non-college

educated workers. The negative bias in TC alone would drive down demand by 16.4

log points. With only task reallocation, demand would decline by 16.8 log points due

to strong task share effects (-20.9), basically reflecting offshoring to low-wage countries

as shown in appendix table A.1. Reallocation leads to declining relative task prices for

non-college work in GVCs. The implied substitution effects due to task price changes

are positive but relatively small: ceteris paribus, it would add on average 4.8 log points

to non-college labor demand in advanced countries. This is a general pattern across

countries, although there is some variation in the effects of task share reallocation. This

is likely to be related to the timing and strength of the offshoring process, for example, the
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Table 3.4: Simulation of Change in GVC Employment in Advanced Countries, 1995-2007

Non-college educated College educated

Reallocation BTC Reallocation BTC

Task

shares

Task

prices
Task

shares

Task

prices
Australia -20.2 4.9 -15.8 -12.9 -3.3 51.7

Austria -18.1 4.4 -13.8 6.4 -9.3 47.3

Belgium -18.5 4.7 -15.7 -14.5 -4.5 37.6

Canada -25.0 6.5 -17.8 -3.0 -5.8 40.7

Denmark -15.9 3.2 -15.6 -11.7 -2.0 39.5

Finland -25.3 5.1 -17.0 -20.6 -4.7 28.9

France -26.3 5.2 -16.0 -9.6 -6.2 28.1

Germany -22.5 4.9 -15.8 -19.6 -3.4 26.5

Greece -23.7 3.1 -17.5 -5.2 -4.1 58.6

Ireland -33.2 8.7 -17.5 -9.8 -5.5 39.9

Italy -13.3 3.9 -13.9 6.1 -7.0 71.6

Japan -4.5 2.3 -17.9 -3.2 1.4 35.7

Luxembourg -16.1 2.1 -16.1 -20.7 -0.7 38.1

Netherlands -12.6 4.1 -15.8 18.0 -6.4 36.8

Portugal -7.3 2.3 -14.4 -7.8 -0.6 56.4

South Korea -33.3 7.3 -16.3 -4.3 -9.5 22.7

Spain -25.2 5.8 -17.2 -1.5 -6.4 34.3

Sweden -30.4 6.2 -15.8 -6.4 -8.2 41.2

Taiwan -12.4 2.4 -17.3 5.8 0.4 36.5

United Kingdom -30.2 7.1 -17.0 -10.4 -7.4 31.5

United States -24.0 7.2 -19.6 -15.4 -3.7 25.9

Average -20.9 4.8 -16.4 -6.7 -4.6 39.5

Notes: Change in hours worked for workers (non-college and college educated) in a particular country due
to task reallocation, change in task prices and biased technological change in 291 GVCs of manufacturing
products. Calculated on the basis of equation (3.20) imputing the actual change in the period 1995-2007
for one element, while keeping the other elements constant at the 1995 levels. Estimated task substitution
elasticities and biases in technological change in GVCs from baseline regression results in table 3.1, combined
with data on GVC reallocation and GVC task prices as described in section 3.2. Unweighted average across
all 21 countries given in last row.

effect is lowest for Japan which had its peak in offshoring already before 1995 (Feenstra

1998).

In contrast, demand for college educated workers is clearly driven by the positive bias

in TC, increasing demand by 39.5 log points on average. In all countries the positive

effect of BTC was much larger than the negative effect of GVC task reallocation. While

we documented strong offshoring tendencies also for college educated work (see section

3.3), the overall quantity effects are limited at the country level (-6.7 log points on

average across all countries). This is because in contrast to non-college work, much of

the offshoring is done to other advanced countries. For some countries, like Austria and

the Netherlands, the net effect is even positive. Finally, increases in the relative price

of college educated workers in most GVCs led to substitution towards other factors, but

with limited effects on demand (-4.6 log points on average).

We conclude that biased technical change and GVC reorganization have quantitatively
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comparable effects driving down demand for non-college educated workers in almost all

advanced countries. In contrast, for college educated workers, we find that the negative

effects of GVC reorganization are more than outweighed by the positive bias in technical

change. This is partly because much of the offshoring of high-skilled work is to other

advanced countries, compensating the negative impact of domestic offshoring.

3.7 Concluding Remarks

This paper offers a new empirical approach to measure factor biases in technical change

in the presence of offshoring. A key feature of this approach is the mapping of output of

final products to value added by labor and capital employed in any stage of production at

home as well as abroad. We showed the final output (GVC) production function to be a

conceptually and empirically relevant alternative to the standard single-stage value added

function. In particular it solves the observational equivalence problem that hinders clear

identification of possible biases in technical change. Using the new approach, we found

strong and robust evidence of technical change being biased against non-college educated

workers, and in favor of college educated workers and capital. In a further simulation

exercise, we quantified the impact of these biases in technical change on employment of

domestic labor in GVCs and compared this to the effects of offshoring. We found that

task reallocation within GVCs and biased technical change drove down employment of

non-college educated workers in advanced countries in equal measure during 1995-2007.

In contrast, Goos, Manning and Salamons (2014) and Michaels, Natraj and van Reenen

(2014) found technical change to be (much) more important. This might be related to

their use of indicators for offshoring potential, while we use actual offshoring data. We

have also shown that their use of single stage production data is likely to overestimate

the effects of BTC.

The analysis in this paper is limited to GVC production of manufacturing goods. It

can be readily extended to include other types of products such as final business services,

once more detailed data on this becomes available. Given its intangible nature, technical

change in services production might have different characteristics. Extending coverage

to all products in the economy would also open up possibilities for general equilibrium

modelling and allow for endogenous responses of demand, final output and factor prices.

Other extensions are possible. So far, we analyzed changes in demand for workers who are

characterized by levels of educational attainment. A promising next step is in developing

a more complex task-based framework that models the shifting comparative advantage

of different production factors in different locations carrying out particular tasks, as

in Acemoglu and Autor (2011). One might hypothesize that technical change is not

symmetric across all tasks and locations of the GVC. Innovations in assembly production

are likely to differ from technologies in, say, headquarter activities. This will await new

information on the occupational structure of GVC production and on workers’ task sets.

And looking forward, if technical change is directed by factor abundance as in Acemoglu,

Gancia and Zilibotti (2015), will global abundance be more relevant for future technology

developments than local abundance? We hope that our GVC approach will be helpful

for further thinking on these important issues.
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Appendix

Table A.1: Descriptive Statistics

Foreign Value Added and Foreign Hours Worked in Global Value Chains, 1995-2007

Foreign value

added in final

manufacturing

output (%)

Foreign share in total hours

worked (%)

Share in total

hours worked by

non-advanced

countries (%)
non-college college non-college college

1995 2007 1995 2007 1995 2007 2007 2007

Australia 15.7 18.5 42.8 52.5 31.2 40.0 48.3 27.6

Austria 26.1 38.2 49.8 64.6 53.1 57.0 52.6 31.7

Belgium 45.5 51.8 77.9 81.7 69.4 74.1 68.2 38.1

Canada 32.1 30.8 49.1 61.3 39.2 41.6 51.7 19.0

Denmark 26.0 34.0 67.7 71.7 40.4 49.9 60.4 27.9

Finland 26.6 35.6 59.4 73.3 30.0 49.6 64.0 35.1

France 21.7 29.8 51.3 64.7 27.8 35.0 53.9 19.1

Germany 18.1 28.8 56.4 67.5 26.9 43.4 59.5 27.7

Greece 20.9 34.6 26.5 46.8 17.6 26.6 42.7 18.6

Ireland 40.0 50.0 56.7 78.9 47.0 63.6 59.2 23.2

Italy 20.5 27.4 44.0 52.3 49.1 49.2 46.7 30.0

Japan 6.5 16.6 41.2 45.6 14.2 19.3 42.2 12.8

Luxembourg 43.0 52.0 73.2 74.8 56.1 69.5 53.4 32.7

Netherlands 36.1 41.8 83.5 85.4 72.2 65.7 79.1 48.0

Portugal 30.5 36.5 32.7 39.8 45.3 51.9 34.1 26.2

South Korea 26.0 33.6 43.1 60.8 9.6 15.9 56.1 10.8

Spain 22.1 32.8 44.7 61.4 21.6 28.7 53.3 17.7

Sweden 28.8 37.2 53.7 68.7 49.9 57.3 56.5 32.6

Taiwan 33.2 44.3 46.0 55.5 25.5 29.1 49.6 16.2

United Kingdom 21.9 24.1 49.3 63.3 25.1 32.8 54.2 18.2

United States 12.3 18.0 46.2 59.9 14.1 25.9 55.3 18.0

Average 26.4 34.1 52.1 63.4 36.4 44.1 54.3 25.3

Notes: Own calculations based on November 2013 release of World Input-Output Database (WIOD,
Timmer et al. 2015). Foreign value added is defined in equation (3.6). For each country a (weighted)
average is given across 14 GVCs of manufacturing products that are finalized in the country. Total hours
worked in a GVC is calculated according to equation (3.4). The foreign share is defined as one minus the
domestic share, where domestic refers to hours worked in the country where the last stage of production
takes place. Average in last row refers to unweighted average across all 21 countries. Non-advanced
countries are all countries in the world not listed in this table.
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Analytical Derivations

A. Factor Demand in a GVC

For a given GVC, the system of first-order conditions for cost-minimization is given by

(dropping the v subscript for convenience):

FN (IK , IN , IH , A)

FK(IK , IN , IH , A)
=

pN
pK

,

FH(IK , IN , IH , A)

FK(IK , IN , IH , A)
=

pH
pK

,

F (IK , IN , IH , A) = Y.

Loglinearization gives the following expressions:

Φ



d ln IK
d ln IN
d ln IH


 =



d ln pN − d ln pK − ∂ ln[FN/FK ]

∂ lnA d lnA

d ln pH − d ln pK − ∂ ln[FH/FK ]
∂ lnA d lnA

d lnY − ∂ lnF
∂ lnAd lnA


 ,

where the matrix of coefficients is defined as:

Φ =




∂ ln[FN/FK ]
∂ ln IK

∂ ln[FN/FK ]
∂ ln IN

∂ ln[FN/FK ]
∂ ln IH

∂ ln[FH/FK ]
∂ ln IK

∂ ln[FH/FK ]
∂ ln IN

∂ ln[FH/FK ]
∂ ln IH

∂ lnF
∂ ln IK

∂ lnF
∂ ln IN

∂ lnF
∂ ln IH


 .

If the production function F is homogeneous of degree 1 (so that the technology features

constant returns to scale) then its partial derivatives FN , FK and FH are homogeneous

of degree 0 and so are the ratios FN/FK and FH/FK . In that case, the first two rows of

Φ add up to zero, while the last row sums to unity. We write the solution to this system

of equations as:



d ln IK
d ln IN
d ln IH


 =



εKN εKH εKY

εNN εNH εNY

εHN εHH εHY






d ln pN − d ln pK − ∂ ln[FN/FK ]

∂ lnA d lnA

d ln pH − d ln pK − ∂ ln[FH/FK ]
∂ lnA d lnA

d lnY − ∂ lnF
∂ lnAd lnA


 .

The coefficient matrix on the right-hand side equals the inverse of Φ and its elements

consist of price and output elasticities, which are defined as:

εjl =
∂ ln Ij
∂ ln pl

, εjY =
∂ ln Ij
∂ lnY

.

With constant returns to scale εjY = 1 for each production factor j.A.1 Changes in factor

demands can then be written as:

d ln Ij =
∑

l

εjld ln pj + εjY d lnY +


∑

l 6=j

εjl
∂ ln[Fj/Fl]

∂ lnA
− εjY

∂ lnF

∂ lnA


 d lnA

A.1This can be proved by deriving Φ
−1 and imposing the restrictions on Φ that are valid when the

production function is linear homogeneous.
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The cost share of production factor j is defined as sj = pjIj/
∑

l plIl. Hence we find:

d ln sj = d ln sjv = (1 − sjv) [d ln pjv + d ln Ijv ]−
∑

l 6=j

slv [d ln plv + d ln Ilv]

= [1 + εjj − sj]d ln pj +
∑

l 6=j

[εjl − sl]d ln pl + ηjY d lnY

+


∑

l 6=j

εjl
∂ ln[Fj/Fl]

∂ lnA
− ηjY

∂ lnF

∂ lnA


 d lnA,

where ηjY = (1 − sj)εjY −
∑

l 6=j slεlY . This corresponds to equation (3.12) in the main

text under the assumption of constant returns to scale so that ηjY = 0.

B. Factor Demand in a Country

The demand for factor j in country c coming from GVCs is given by:

Ec
j =

∑

v

xc
jvIjv

where the subscript v denotes a particular GVC. This expression can be loglinearized as:

d lnEc
j =

∑

v

xc
jvIjv

Ec
j

[
d lnxc

j + d ln Ijv

]

Substituting in for d ln Ijv we obtain:

d lnEc
j =

∑

v

xc
jvIjv

Ec
j

{
d lnxc

jv +
∑

l

εjlvd ln plv + d lnYv

+
∑

l 6=j

εjlv
∂ ln[Fj/Fl]

∂ lnA
d lnA−

∂ lnF

∂ lnA
d lnA

}
,

This corresponds to equation (3.20) in the main text under the assumption of constant

demand (d lnYv) and no change in total factor productivity ([∂ lnF/∂ lnA]d lnA = 0).
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Data Sources

The data for this study is taken from the World Input-Output Database (WIOD),

which is freely available at www.wiod.org. It has been specifically constructed for the

analysis of global value chains, see Timmer et al. 2015. It provides world input-output

tables for each year since 1995, covering 40 countries, including all 27 countries of the

European Union (as of 1 January 2007) and 13 other major economies in the world (see

Table A.2). In addition, an estimate for the remaining non-covered part of the world

economy is provided such that the value-added decomposition of final output is complete.

It contains data for 35 sectors covering the overall economy, including agriculture, mining,

construction, utilities, 14 manufacturing industries and 17 services industries (see Table

A.3).

A couple of issues need highlighting. First, the WIOD input-output data is given in

so-called basic prices, which means that trade margins as well as (net) taxes on products

are not included in the final output value of products. Put differently, we decompose

the value of a product at “the gate of the factory” which excludes domestic retailing

activities. Second, we analyze cost shares in final output. Due to net taxes paid on

intermediate products, factor costs do not add up to final output value. These taxes (in

most GVCs less than 2 percent of the final output value) cannot be allocated to specific

factors. We therefore subtract these from final output before calculating the factor cost

shares such that they sum to one.

Apart from the input-output tables, an important input into our analysis is informa-

tion on quantities and prices of labor and capital used in production. These can be found

in the Social-economic accounts from WIOD (WIOD-SEA). These series are not part of

the core set of national accounts statistics reported by National Statistical Institutes and

have been constructed in the WIOD-SEA. We briefly describe the methods and sources

used in this construction. For a full discussion, see Erumban et al. (2012).

A. Wages and Employment by Educational Attainment Levels

Data on wages and employment by skill types are not part of the core set of national

accounts statistics; at best only data on total hours worked and wages by industry are

included. Therefore, additional material has been collected from employment and labor

force statistics. For each country covered, a choice was made of the best statistical source

for consistent wage and employment data at the industry level. In most countries this was

the labor force survey (LFS). In most cases this needed to be combined with an earnings

surveys as information wages are often not included in the LFS. In other instances, an

establishment survey, social-security database, industry or population census was used.

Care has been taken to arrive at series which are time consistent, as most employment

surveys are not designed to track developments over time, and breaks in methodology

or coverage frequently occur. For most countries data on hours worked was taken from

the EU KLEMS database (O’Mahony and Timmer 2009), revised and updated. For

countries not in EU KLEMS new sources have been used which are described in the

detailed country notes (Erumban et al. 2012).

Labor compensation of self-employed is not registered in the National Accounts, which

as emphasized by Angrist and Krueger (1999) leads to an understatement of labor’s
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Table A.2: Countries Covered in the World Input-Output Database (WIOD)

Advanced countries Other countries

Australia Brazil

Austria Bulgaria

Belgium China

Canada Cyprus

Denmark Czech Republic

Finland Estonia

France Hungary

Germany India

Greece Indonesia

Ireland Latvia

Italy Lithuania

Japan Malta

Luxembourg Mexico

Netherlands Poland

Portugal Romania

South Korea Russian Federation

Spain Slovak Republic

Sweden Slovenia

Taiwan Turkey

United Kingdom Rest-of-World region

United States

Notes: List of countries covered in the WIOD, November 2013 release. We study the global value chains
from countries listed in the first column which we refer to in the main text as “advanced countries”.
Value added in these GVCs can come from any of the 41 countries in this table.

share. This is particularly important for less advanced economies that typically feature

a large share of self-employed workers in industries like agriculture, trade, business and

personal services. Imputations have been made instead. For advanced countries, the

compensation per hour of self-employed is assumed equal to the compensation per hour

of employees. For emerging countries this assumption is not plausible as a large part of

informal workers earns much less than the average wage of low-skilled workers. Instead,

additional information was used which differs by country (Erumban et al. 2012).

In the WIOD-SEA three skill types of labor are being distinguished, based on the

level of educational attainment of the worker. Three types of workers are identified

following the International Standard Classification of Education (ISCED). Low skilled

(ISCED categories 0, 1 and 2) roughly corresponds to less than secondary schooling.

Medium skilled (3 and 4) means secondary schooling and above, including professional

qualifications, but below college degree. High skilled (5 and 6) includes those with a

college degree and above.

Typically, data on wages is scarcer than for number of workers, both in terms of

industry coverage and time such that imputations have to be made. For each country

relative wages for at least one year in the period 1995-2007 are available which ensures
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Table A.3: Sectors in the World Input-Output Database (WIOD)

Code Sector name

AtB Agriculture, Hunting, Forestry and Fishing

C Mining and Quarrying

⋆ 15t16 Food, Beverages and Tobacco

⋆ 17t18 Textiles and Textile Products

⋆ 19 Leather, Leather Products and Footwear

⋆ 20 Wood and Products of Wood and Cork

⋆ 21t22 Pulp, Paper, Printing and Publishing

⋆ 23 Coke, Refined Petroleum and Nuclear Fuel

⋆ 24 Chemicals and Chemical Products

⋆ 25 Rubber and Plastics

⋆ 26 Other Non-Metallic Mineral

⋆ 27t28 Basic Metals and Fabricated Metal

⋆ 29 Machinery, Not elsewhere classified

⋆ 30t33 Electrical and Optical Equipment

⋆ 34t35 Transport Equipment

⋆ 36t37 Manufacturing, Not elsewhere classified; Recycling

E Electricity, Gas and Water Supply

F Construction

50 Sale and Repair of Motor Vehicles and Motorcycles; Retail Sale of Fuel

51 Wholesale Trade, Except of Motor Vehicles and Motorcycles

52 Retail Trade and Repair, Except of Motor Vehicles and Motorcycles

H Hotels and Restaurants

60 Inland Transport

61 Water Transport

62 Air Transport

63 Other Supporting Transport Activities

64 Post and Telecommunications

J Financial Intermediation

70 Real Estate Activities

71t74 Renting of Machinery & Equipment and Other Business Activities

L Public Administration and Defence; Compulsory Social Security

M Education

N Health and Social Work

O Other Community, Social and Personal Services

P Private Households with Employed Persons

Notes: List of sectors covered in the WIOD (November 2013 release) by ISIC revision 3 industry code.
Each of these sectors can potentially contribute to a GVC. In this study we focus on GVCs of manufac-
turing products, that is final output of manufacturing industries indicated by ⋆.
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that country-specific skill-premia are reflected in the data. For most countries there are

at least three observations across the period such that changes in skill premia over time

are reflected. Wages for years in between are linearly interpolated. The level of industry

detail also varies across countries and depends crucially on the sample sizes of the surveys

on which the estimates are based. If needed, shares of aggregate sectors were applied to

more detailed underlying industries. Details on various country-specifics can be found in

Erumban et al. (2012).

Two additional points are worth mentioning. First, in the main analysis of our study

we excluded data for the year 2003. The reason is that for a number of European

countries wages by level of educational attainment data in the EU Labor Force Survey

was miscoded such that the share of low-skilled workers jumped up from 2002 to 2003

and down again from 2003 to 2004. This data was used in the WIOD-SEA as well, and

we therefore excluded it in the main analysis. Including this (erroneous) data would

not quantitatively change the main results of this paper however. Second, the WIOD-

SEA does not provide data for the Rest of the world region. We used shares based on

Indonesia.

B. Capital Stocks

The WIOD SEAs contain capital stock series by industry at constant prices. The series

cover all fixed assets as defined in the SNA 1993. As for labor, for most countries data was

taken from the EU KLEMS database (O’Mahony and Timmer 2009). For other countries,

capital stocks have been constructed on the basis of the Perpetual Inventory Method

(PIM) in which the capital stock in year t is estimated as the sum of the depreciated

capital stock in year t − 1 plus real investment in year t. The depreciation rates are

industry-specific rates and assumed to be the same for all countries. For many countries

long time-series of investments are available and there is no need to have information

on an initial stock estimate. For countries with no investment data before 1995 (mainly

Eastern European countries), industry specific ratios of value added to capital stocks were

used of a country at a similar stage of development. For countries for which investment

series were available for a number of years before 1995, an initial capital stock for the year

in which investment series start was estimated using the Harberger method which can be

written as: K0 = (i/(g+ d))×GO, where K0 is the initial capital stock in constant 1995

prices, GO is gross output by industry in constant 1995 prices, i is the investment rate, g
is the average growth rate of output, and d is the total depreciation rate by industry. For

the Rest of the world region, a ratio of the capital price relative to the US was estimated

from the Penn World Tables (Feenstra etal 2015). This was applied to the value added

in each industry (which is in US dollars) times the capital share (one minus the labor

share) to back out the capital stock in each industry.



Chapter 4

Task Space: the Shift of Comparative

Advantage in Globalized Production

4.1 Introduction

For a long time, structural upgrading is understood as a horizontal process in which

the employment and export of a country gradually shift across sectors, from agriculture

and natural resource extraction to light industries like textile, and subsequently towards

more modern manufacturing and the tertiary sectors (see, e.g. the famous Lewis model

and Clark-Fisher model on structural change, Lewis 1954 and Clark 1940). However, the

rise of offshoring in recent decades has changed the nature of production and interna-

tional trade. In the past, final goods were mostly made within each country. Nowadays,

the advancements in transport and telecommunication technology make it possible for

firms to unbundled the tasks in the production process and offshore tasks to different

countries to minimize total production cost. The production of final goods is organized

in Global Value Chains (GVCs), and the production process becomes increasingly frag-

mented across national borders. For example, the iPhone is designed in California in the

U.S., its chips come from various suppliers located in the U.S., Japan, Korea and other

countries, everything is shipped to China for assembly, while other supportive activi-

ties like accounting management are handled in countries like Ireland and Luxembourg.

When offshoring is possible, a country can join the global value chain of a product if it is

strong at a specific task, and it is not necessary to master all knowledge and resources of

the whole production process. Therefore offshoring seems to offer underdeveloped coun-

tries a shortcut in structural upgrading. Namely, an underdeveloped country first follows

its comparative advantage and performs low-skilled tasks in the GVCs of sophisticated

products, and then vertically climbs up the value chain through learning-by-doing and

technical dissemination to obtain the comparative advantages in high-skilled tasks within

the same industry (Lin and Wang 2008, Lin 2012, Taglioni and Winkler 2016).

Has offshoring indeed changed the natural of structural upgrading? And what are

the best practices for the policy makers to stimulate the upgrading progress at different

85
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stages of development? To provide an answer to these questions, in this paper I try to

empirically explore the potential structural upgrading paths when production is globally

fragmented and offshoring is pervasive. In particular, I am interested in two types of

upgrading, horizontal and vertical. Horizontal upgrading is the shift of employment

across industries towards tasks with a higher economic potential, say, re-allocating low-

skilled workers from textile to electronics assembly. Vertical upgrading refers to the

process that a country vertically climbs up the value chain and upgrade towards higher-

skilled tasks within the same industry, for example from low-skilled assembly tasks to

high-skilled circuit engineering in the electronics industry. Using newly available data on

the task content of production and trade from 40 countries over the period from 1995 to

2009, I analyse the relatedness between each pair of tasks as proxied by the correlation

in their Revealed Comparative Advantages (RCAs) across countries. And based on these

empirical relatedness indices I derive a network representation of production tasks that

indicates potential ways for upgrading. I find that the initial export structure of a country

is closely related to the potential directions of its future structural change. And I show

that horizontal upgrading is relatively easy to achieve, while vertical upgrading is more

difficult and gradual although it yields a higher gain in the long run. A different set of

policy stimulations might be necessary to achieve vertical upgrading.

To illustrate the potential upgrading paths, I use a similar approach as the so-called

“product space” framework in Hidalgo et al. (2007). The product space is a relatedness

network between products that can be used to analyses the development path of a coun-

try’s export structure. The underlying notion is that the development of an economy

is path-dependent, and the difficulty in entering the business of a new product depends

on its relatedness with those products that the country is currently strong at. Similar

as, say, a sneaker producer finds it easier to add badminton shoes into its product line

rather than badminton rackets, at the macro level a new product is more likely to evolve

in a country if it has strong ties with the country’s current production and export struc-

ture. Hidalgo et al. (2007) empirically proxy the relatedness of a pair of products by

the probability that both products have a revealed comparative advantage in a country,

calculated on the basis of gross export data.1

However, the relatedness in products (or industries) is an inappropriate perspective

under globalized production. In the past when trade was only in final products, most

tasks in producing a good were carried out within a country. In that case the exporter of a

high-skill intensive good must perform many high-skilled tasks. But when the production

process is globally fragmented, the products produced and exported by a country are

no longer a good description for the actual production activities that are taking place.

Offshoring has created trade in tasks, and the comparative advantage of countries is now

realized at task level, as shown in Baldwin (2006) and Grossman and Rossi-Hansberg

(2008). Empirical research by Hummels et al. (2001), Becker et al. (2013) and Timmer

et al. (2014) has documented a rapid deepening in vertical specialisation and offshoring,

and the increasing fragmentation of global value chains in past decades. It is now not

1The product space is essentially “revealed relatedness” based on the observational co-existence of the
RCAs of products, and it does not require ex-ante defined criteria for relatedness. Similar approaches
can be found in Teece et al. (1994), Neffke and Henning (2008) and Bryce and Winter (2009). There
are other measures that focus on specific and pre-defined aspects of relatedness, for example in Conley
and Dupor (2003) and Neffke and Henning (2013). More discussion will follow in section 4.2.
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only feasible but also attractive for developing countries to participate in the GVCs

of sophisticated and high-skill intensive products by performing low-skilled tasks. For

example, Southeast Asia and China have witnessed a strong export growth in electronics

since the 1980s. But what they actually did was mainly assembly, which is far away

from the “high-tech” stereotype of electronics products they exported. On the other

side of the coin, highly developed countries may also perform high-skilled tasks in the

value chains of the so-called low-skilled products, like the design and global marketing

of clothes, shoes and handbags and the organization of their material supply chain.

Therefore, focusing on the relatedness in products may give a misleading impression

on the progress of structural change, and a task-based approach is needed which fits

better the new production and trade paradigm with pervasive international production

fragmentation. In this paper I following Hidalgo et al. (2007) and introduce the concept

of task space. Task space refers to the network of relatedness between tasks instead of

products, where a task is defined as a set of activities in an industry carried out by

labour with a specific level of educational attainment (low-, medium-, and high-skilled).

Furthermore, I will base my measures on the Value-Added Export (VAE) of tasks, instead

of gross exports that include the value of imported intermediates.

My task-based approach contributes to the current literature in three important as-

pects. Firstly, it allows for the identification of the vertical alongside the horizontal types

of structural change. The product space approach cannot identify the skill levels of tasks

behind a product, and current researches on the “climbing up the value chain” hypoth-

esis are mainly from case studies of firms or specific industries (see e.g. Humphrey and

Schmitz 2002). There is a lack of systematic research on the feasibility of vertical upgrad-

ing within different industries, and this paper aims to bridge this gap. By decomposing

the activities of each industry into tasks at various skill levels, my task space approach

is capable to evaluate the relative difficulties in both horizontal and vertical upgrading.

As I will show later, the difficulties and benefits from these two types of upgrading differ

substantially. Therefore, the identification of these two types is relevant.

Secondly, my task space approach uses value-added exports to calculate the RCAs

instead of relying on gross exports as in Hidalgo et al. VAE based RCAs take into

account the complex structure of global production fragmentation, and subsequently

give more reliable estimates for task relatedness. The conventional gross-export based

RCA exaggerates the comparative advantage of countries located in the down-stream end

of the GVC. This is because gross exports of products contain a considerable amount

of imported intermediate inputs which cannot be distinguished from the value added by

the country itself. As an extreme case, Dedrick et al. (2009) show that around 97% of

the value in China’s exports of iPod and HP laptops originated from outside China. The

conventional RCAs are likely to over-estimate China’s actual comparative advantages in

electronics, and for countries specialized in upstream activities, like the US, it provides

an underestimation. This bias is illustrated in Koopman et al. (2014) and Los et al.

(2015) and is also confirmed in this paper. Using VAE resolves this problem since it

excludes the value of intermediates and only focuses on the value-adding activities that

take place within the country.

Thirdly, Hidalgo et al. (2007) focus on structural change in manufacturing sectors.
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I extend the scope of research to tasks in service sectors that become an increasingly

important part of global trade. I will include directly traded services, as well as indirectly

exported services from (non-traded) business supporting sectors that are embedded in

the exported goods/services. This is not possible when gross exports are used, but is

possible in my approach since the measure of VAE can trace down to the exact (upstream)

activities that generated the exported value-added. Therefore this approach allows me

to analyze the important role of services in structural change.

The empirical contribution of this paper is to derive the “task space”, i.e. a network

illustration of potential structural upgrading paths in terms of production tasks. This

is based on tasks relatedness. Following Hidalgo et al. (2007), the relatedness between

two tasks is defined as the probability that both tasks have a value-added based revealed

comparative advantage in a country. For this, I first need a measure for VAE of each

task, defined as the value-added created by a task that is ultimately absorbed in foreign

final demand (Johnson and Noguera 2012). It will be derived from the World Input-

Output Database (Timmer et al. 2015) which provides detailed cross country-industry

supply/use tables and labour compensation per skill level. The WIOD database covers

40 major economies in the world, including both advanced and developing countries. In

total I include 28 sectors (ISIC 2-digit level), and I calculate the VAE and subsequently

the RCA of a set of 84 unique tasks (each sector has activities at three skill levels2). The

task space is then an 84 × 84 matrix; each element represents the bilateral relatedness

between a pair of tasks, based on actual task level RCA indices from 40 countries.

The most important finding from my task space is that horizontal and vertical struc-

tural upgrading are very different processes. Horizontal upgrading is highly likely to

occur in developing countries, while vertical upgrading is much more difficult. . I find

that almost all low-skilled tasks in all industries are closely related with each other,

meaning that it is relatively easy to re-allocate low-skilled workers horizontally across

different industries. It points towards a strategy that in early stages of development, it is

feasible and worthwhile for a country to utilize their abundance of low-skilled labour in

the low-skilled tasks in the GVCs of sophisticated products (e.g. electronics and automo-

bile) which, as I will show later, have much higher economic potentials than low-skilled

tasks in agriculture and light industries (for example, textile and shoes). However, on

the other hand, vertical upgrading turns out to be much less common. There is little

relatedness between low-skilled and medium/high-skilled tasks. The relatedness remains

rather low even for different skilled tasks within the same industry. This is especially the

case in sophisticated manufacturing like electronics and automobiles. Some case studies

like Humphrey and Schmitz (2002) and Humphrey and Memedovic (2003) illustrate how

an enterprise of a regional industry cluster upgrades towards higher value-adding activi-

ties along the value chain, but I find the skill upgrading is rather difficult for a country as

a whole. This result echoes the findings from Lemoine and Ünal-Kesenci (2004) and Jar-

reau and Poncet (2012) who show that the gains from assembly trade in China are largely

limited within the processing exporter themselves, and their participation in GVCs does

not contribute much to technological progress nor growth in the rest of the economy.

Hence GVC participation does not guarantee a sustainable growth path in the long-run,

2A possible task can be, say, low-skilled activities in textile or high-skilled activities in electron-
ics. Different skilled activities within an industry, for example low- and medium-skilled activities in
electronics, are treated as different tasks.
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and proper policy stimulations might still be necessary to achieve economy-wide vertical

upgrading.

Another interesting finding is that various tasks in utility, logistics and transport

sectors are closely related with manufacturing tasks. This highlights the complementarity

between tasks in manufacturing and services, and suggests that a pro-trade business

service sector can be developed in the early stage of development, which will continue to

play a supportive role in the future progress of export upgrading. This important type

of complementarity can not be revealed in a product space approach.

To provide further evidence that my task space approach is useful in structural change

analysis, I also test whether the relatedness index is relevant for the actual changes in

each country’s export structure. Using probit regressions, I show that the probability

in developing a comparative advantage in a new task is significantly positively related

with its proximity with those tasks that in the initial period the country already has a

comparative advantage in. This result is robust to alternative specifications, therefore

confirms the validity of my task space in analyzing structural change as a dynamic

process.

The rest of the paper is organized as follows: in section 4.2 I introduce the concept of

relatedness in tasks and compare my relatedness with the current literature. Section 4.3

describes the methodology and the data I use in deriving value-added exports of tasks.

Then I explore the task space, i.e. the structure of relatedness in section 4.4, followed

by section 4.5 which translates the task relatedness indices into a network graph that

illustrates possible ways of structural upgrading. In section 4.6 I explore the dynamics

of economic structure in my task space framework. In this section I first plot the ac-

tual directions of structural change for countries at different level of development, and

find that the paths are largely aligned with the task space network. I further perform

econometric analysis and confirm that task relatedness has strong power in predicting

the development of new comparative advantages. Section 4.7 concludes and discusses the

policy implications from my research.

4.2 Co-occurance in RCA as a Measure for Task Re-

latedness

I build my task relatedness indices using the method by Hidalgo et al. (2007) which traces

the relatedness of two products through the correlation in their revealed comparative

advantage (RCA). In this paper, I will trace the relatedness in tasks instead of products.

The relatedness between two tasks x and y, denoted as φx→y, is defined as the prob-

ability that a country i has a comparative advantage in task y, conditional on it having

already a comparative advantage in task x:

φx→y = Prob(RCAi,y > 1|RCAi,x > 1). (4.1)
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This conditional probability can be empirically calculated by:

φx→y =
Number of Countries with RCAy > 1 and RCAx > 1

Number of Countries with RCAx > 1
. (4.2)

Similar as in Hidalgo et al. (2007) and Neffke et al. (2008, 2011), I calculate this φ
statistic for each year in the period of 1995 to 2009 for which the data are available, and

take the simple average of φx→y across years to proxy the relatedness between each pair

of tasks.

The idea behind this relatedness measure is intuitive. A high φx→y means that a

task y is frequently found to be a comparative advantage in the countries that also have

a comparative advantage in x, which reveals that the socio-economic environment that

nurses task x also fits the requirement for task y. There are several possibilities why two

tasks appear to be the comparative advantages of a country at a same time. One may

consider, for instance, the force of agglomeration and the regional clustering of certain

tasks (Marshall 1920, Ellison et al. 2010). Two tasks may have similar requirements on

workers, share common technologies and intermediate inputs, have backward/forward

linkages within a supply chain, and other sorts of synergy effects such that the develop-

ment of one task also reinforces the growth of another. It is also possible the existence

of a particular task is a prerequisite for another. For example, ICT-related services are

unlikely to develop without the construction of a good network infrastructure.

While there are various possible reasons why two tasks emerge together, it should be

noticed that in this paper I focus only on how strong are two tasks related. The index

φx→y is an empirical similarity measure based on the observed co-existence in RCAs

which captures all potential sources of task relatedness, and it remains silent on the exact

channels through which two tasks are related. Other research aims at specific pre-defined

channels of relatedness between economic activities. Neffke and Henning (2013) use the

Swedish official registers on employment to trace the movements of individual employees

across different industries, which generates insights into the similarity of labour skill

demands by each industry. Conley and Dupor (2003) use the U.S. input-output table and

derive two measures of economic distance between industries: one measure investigates

the similarity in two industries’ input structure, and another focuses on whether two

industries have backward/forward input-output linkages.

The derivation of task relatedness requires the data on revealed comparative advan-

tage indices. In this paper I construct the index in a similar way as the conventional

RCA proposed by Balassa (1965), but I derive the RCAs using value-added export data

on tasks instead of the gross exports of products. The RCA index for a task x in country

i is defined as follows:

RCAi,x =
VAEi,x/

∑
xVAEi,x∑

iVAEi,x/
∑

i,xVAEi,x
, (4.3)

The interpretation of the value-added based RCA index is the same as the conventional

RCA. The numerator measures the share of task x in country i’s exported value-added,

while the denominator captures the share of x in the value-added trade of the world.

Therefore, a larger-than-unity RCAi,x means that country i exports a higher share of x
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relative to the world average, which implies that i has a revealed comparative advantage

in task x.

As already discussed in the introduction, the value-added export based RCA is a

clearer and more meaningful measure for the comparative advantages and henceforth

task relatedness in globalised production. And compared with the relatedness in indus-

tries or products, the decomposition of value-added exports into the contributions by

tasks at different skill levels provides more information on the actual activities that are

taking place in an economy. To give an example, when one overlooks the skill levels and

focuses on the export of products, textile and electronics may show up as highly related

since textile industry and the final stage in electronics production (i.e. assembly) have

actually quite similar requirements for labour, and indeed the largest exports of both

electronics and textile show up in South East Asia and China. However, the related-

ness between textile and electronics products in this case does not imply that textile is

highly related with the “stereotype” high-tech activities in electronics (like the design

and manufacturing of silicon microchips)3. It remains unknown whether the participa-

tion in low-skilled tasks of the electronics industry will induce the development in these

higher skilled tasks.

A final comment is needed concerning the asymmetry of task relatedness. Note that

in most cases φx→y does not equal φy→x. Hidalgo et al. (2007) use a symmetric measure

constructed from taking the minimum of relatedness from two directions, i.e. φx,y =

φy,x = min(φx→y, φy→x). I use the asymmetric measurement since the difficulty in

developing a task x conditional on y is in general not the same as the development of y
conditional on x. Two directions of relatedness should be treated separately as argued in

Nedelkoska et al. (2015) who analyse the relatedness between occupations; it is relatively

easy for a person to switch from a tough job to an easier one while the reverse is usually

not true. The same argument holds in the process of structural change at country level.

For instance, oil refinery and oil-related chemistry are quite likely to evolve in countries

that have many oil fields (i.e. a strong oil extraction industry). In a reverse direction,

a majority of developed countries have refineries using imported oil, but it is impossible

for them to develop a comparative advantage in oil extraction tasks because most of

them do not have oil fields anyway. By taking the minimum of φx→y and φy→x as in

Hidalgo et al., the “difficult direction” of the transition counts. Therefore, the difficulty of

upgrading from oil extraction to processing is largely overestimated. From an analytical

point of view, it is more suitable to keep the asymmetric relatedness of both directions,

and use the relevant index according to research necessity. Policy makers are usually only

interested in the path of upgrading from current activities to new and more preferred

ones. In such cases difficulty associated with the “downgrading” path is not of particular

interest4.

3Neffke et al. (2008) show another example in which the relatedness of industries becomes confusing.
They have detected significant relatedness between “other textile” and “other food” industries with
medicine manufacturing industry. But their detailed exploration reveals that the factories producing
bandages (classified as other textile) usually produce some basic disinfectants that can be combined
with their bandages, while the production of spices and herbs are classified as other food but they may
also have medical use. This type of nuisance relatedness between industries can be severe when there
is a high degree of international production fragmentation, making it more important to splitting the
industrial production to tasks at different skill levels and investigate the tasks’ relatedness.

4Hidalgo et al. (2007) are in favour of the symmetric relatedness indicators and in the online appendix
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4.3 Deriving the Value-added Export by Tasks

To calculate the relatedness between each pair of tasks, I need to derive first the value-

added export (VAE) of tasks. Formally, a task is defined as the set of activities in an

industry (or a service sector) that are performed by workers at a certain level of skill (low,

medium- and high-skilled), according to the worker’s educational attainment. Consider a

task x referring to the activities in an industry a using type-f labour. Following Johnson

and Noguera (2012) I define VAE of x as the value-added created by type-f labour in a
that is ultimately absorbed as final demand in foreign countries.

The derivation of VAEs from a country i follows, briefly speaking, a backward-tracing

strategy. The starting point is the final demand of all countries other than i itself. Then
I use international input-output tables to decompose these foreign final demands into

the value-added generated by ultimate factors from different country/industries that are

required in the production. The part of value-added generated by tasks in country i is
therefore the value-added exports by i that satisfies the definition above. The formal

steps of the VAE derivation are illustrated as follows. Assume there are m countries

in the world and each country has n industries. The global input-output structure is

described by a so-called technical matrix A of the size mn × mn, with the following

structure:

A =




A11 A12 · · · A1m

A21 A22 A2m

...
. . .

...
Am1 Am2 · · · Amm


 . (4.4)

Each blockAij is an n×nmatrix, capturing the traded intermediate inputs from country

i that are used by the production in j; a typical element A(i,a),(j,b) stands for the value

of intermediate goods produced by country i’s industry a that are used in producing

$1 output by industry b in j. The matrix Aii on the diagonal stands for the domestic

input-output structure within each country i.

I use yi,a to denote total gross output from country i’s industry a. And country j’s

demand for the final good produced by industry a of country i is denoted by dji,a. In

matrix form, the total production from the world and the final demand of each country

they discuss about the potential flaws in using the asymmetric one. When a good z is exported only by
one country, the asymmetric relatedness φz→z′ will, by construction, equal one for all z′ that this country
has a comparative advantage. Since one is the upper bound for the relatedness indices, it misleadingly
implies a easy structural change from z to all those z′. They claim that this problem is mitigated
by taking the minimum of φz→z′ and φz′→z . However, taking the minimum generates a misleading
result from another direction. Namely, φz→z′′ equals zero for all z′′ that this country has a comparative
disadvantage, and this zero relatedness “overrides” the non-zero φz′′→z in taking the minimum, implying
that the product z and all those z′′ are completely unrelated. In general, this is a statistical small-sample
problem which occurs only when the comparative advantage of a good z is observed in a very limited
number of countries. Under such circumstances, the relatedness φz→z′ , i.e. the probability of having a
comparative advantage in z′ conditioning on z, cannot be accurately estimated using equation (4.2) due
to the lack of observations. Hidalgo et al. (2007) use detailed product classifications at the 4-digit level,
so it is quite possible that some products are only exported by a single or few countries. This does not
occur in this paper since I use a 2-digit industrial classification. According to the data in 2009, a task
appears at minimum in 6 countries as a comparative advantage, and more than 90% of the tasks appear
as a comparative advantage in 10 or more countries.
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are represented in mn-element column vectors y and di as follows:

y =




y1,1
y1,2
...

y1,n
y2,1
...

y2,n
...

yn,m




, d
1 =




d11,1
d11,2
...

d11,n
d12,1
...

d12,n
...

d1n,m




, d
2 =




d21,1
d21,2
...

d21,n
d22,1
...

d22,n
...

d2n,m




, · · · , d
n =




dn1,1
dn1,2
...

dn1,n
dn2,1
...

dn2,n
...

dnn,m




. (4.5)

World final demand is by definition the summation of final demands from all individual

countries, i.e. dWi,a ≡
∑

j d
j
i,a and in matrix notation dW ≡

∑
j d

j .

Equality holds that yi,a = dWi,a+
∑

j,b yj,bA(i,a),(j,b), i.e. the value of total gross output

from country i’s sector a equals the total final demand for its products, plus those outputs

used as intermediate inputs by all countries and industries. This input-output structure

can be written in a compact matrix form as:

y = dW +Ay, (4.6)

where Ay captures the total usage of intermediate inputs. Re-arranging this equation

using the Leontief Inverse (Leontief 1949) gives the relationship between total production

and total final demand:

y = (I −A)−1dW . (4.7)

To investigate the value-added export from country i, the total demand dW can be

decomposed into two components: final demand of country i itself, di, and final demand

of all foreign countries d−i =
∑

j 6=i d
j = dW − di. Correspondingly, the total gross

production of the world can also be split into two components:

y = (I −A)−1di + (I −A)−1d−i = yi + y−i (4.8)

the part yi is a vector representing the total gross output in each country/industry

required to satisfy final demand of country i, and y−i is the production requirements for

satisfying world final demand outside of country i. Each element in the latter term y−i

that belongs to the industries of country i, for example y−i
i,a, captures the gross output

of industry a of country i that is required to satisfy the final demand from abroad.

We are interested in the value-added exports by tasks at each skill level f (low-,

medium- and high-skilled). I use ηi,a,f to denote the value added by type-f labour in

producing $1 gross output in sector a of country i. The value-added export by each

activity x ≡ {a, f} in country i is therefore given by:

V AEi,x ≡ V AEi,{a,f} = ηi,a,fy
−i
i,a. (4.9)

Subsequently, the RCA of each task and the task relatedness indices can be calculated

by equation (4.3) and then (4.2).
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To empirically compute VAE by each task, this paper uses the recently developed

World Input Output Database (WIOD, Timmer et al. 2015) as the primary data

source. The WIOD dataset provides time series multi-regional world input-output tables

(WIOTs) from 1995 to 2011. WIOTs tell about the production structure of the world,

namely the level of production of each industry and the domestic and imported inter-

mediate input usages for all countries/industries. It also provides information on final

consumption of domestic or imported goods/services by each country. The database con-

sists of 40 countries that cover more than 85% of world GDP. It includes many developed

countries, but also major emerging economies like Eastern European countries and the

“BRIC” (Brazil, Russia, India and China), which are of interests for structural upgrad-

ing research. Estimates of the economic structure related with the rest-of-world (RoW)

countries are also provided by the WIOTs, such that the production and consumption

for the whole world is covered.

WIOTs are constructed from official data sources from multiple agents, including the

national supply and use tables provided by national statistical bureaus and UN trade

data at disaggregated levels. And the dataset covers trade in services and intangibles

based on multiple sources like Eurostat and WTO. The WIOTs are constructed at 2-

digit industry level (ISIC Rev.3), and data across countries are harmonized such that

industries in different countries are comparable. Note that tasks in several industries

are excluded from this analysis, either because the industry has large discrepancies in

registration standards across countries, or because the industry serves mainly domestic

final use only and associates with neither direct nor indirect exports (the RCA index

cannot be calculated for non-exporting tasks). The excluded industries and their ISIC

codes are: Hotel and restaurants (H), Other transport and operation of tourist agents

(63), Public administration and defense (L), Education (M), Healthcare (N), Personal

and community services (O), and Self-employed persons (P)5. In total I include 28 out

of 35 ISIC industries.

To decompose sectoral value-added output into the contribution by activities at dif-

ferent skill levels, I further use the data on the skill structure of employment in each

country/industry (or service), from the Socio-economic Accounts (SEA) in the WIOD

project. In particular, I use the shares of factor income earned by low-, medium- and

high-skilled labour in each country/industry, according to educational attainment6. This

supplement dataset is available from 1995 to 2009 and I focus my research on this period.

The time-series nature of WIOD also provides a possibility for me to trace the actual dy-

namics in industrial structure in the 15-year time period for these 40 countries, through

which I can systemically investigate the power of relatedness indices in predicting the

actual directions of export structure changes.

Compared to gross export data used in the conventional RCA index, VAE properly

5The value-added created by tasks in these industries are excluded from the analysis, but the values
of intermediates used by them are included. For example, if the Japanese healthcare sector uses the
medicines produced in the U.S., these values still count and will appear as the VAE by the U.S. chemistry
sector.

6The classification of skill level follows the International Standard Classification of Education
(ISCED). Low-skilled workers refer to employees with lower-secondary school, or lower level of edu-
cation. Medium-skilled workers are those who have high school education. High-skilled workers have
college or higher level of education.



4.3. Deriving the Value-added Export by Tasks 95

controls for the position of a task in the global value chain (see also Johnson and Noguera

2012 and Koopman et al. 2014). As shown in Koopman et al. (2012, 2014), the conven-

tional RCA is sensitive to the position of a country/industry in the production chain.

A country located downstream in the GVC has a higher level of gross exports but it is

caused by a higher intermediate to gross output ratio. The conventional RCA based on

gross exports does not adjust for this, and will exaggerate the comparative advantage

of countries downstream. In contrast, when calculating VAEs the higher usage of in-

termediate inputs translates by construction into a lower ratio of ηi,a,f , and all values

related with intermediate inputs are effectively netted out. Furthermore, some sectors

(in particular, services) rely largely on indirect export. That is, their output is used

by other domestic exporting industries and thus exported indirectly. These indirect ex-

ports simply do not show in the gross export data, such that the conventional RCA may

systemically understate comparative advantage. Instead, VAE includes both directly

exported value-added as well as the value-added that is further used by other domestic

exporting industries; the algorithm in calculating VAE identifies where the value-added

is created and consumed regardless of the number of intermediate processing stages.

In this paper I focus on tasks performed by labour, and capital share is excluded

from calculating RCA. This is because capital value-added and profit cannot be easily

decomposed, and in addition multinational companies may book capital income in coun-

tries with taxation advantage which differ from the locations where capital truly adds

the value (see also footnotes 5 and 9 in chapter 3 for details).

To see the differences between gross export based and VAE based RCAs, I show

the value-added RCA at industry level because gross export based RCAs cannot trace

the comparative advantages down to the task level. Figures 4.1a and 4.1b show the

discrepancy between RCAGO and RCAV A for each industry in China and the US in the

year 2009; the differences between these two measures are quite large.

Table 4.1 provides more detailed information about the conventional and new mea-

sures of RCA for several industries in China and the US in 2009. The most notable

differences in the manufacturing sectors are observed in chemistry and electronics, which

provide typical examples for two sorts of distortions as discussed above. For the elec-

tronics industry, the gross export based RCA shows that China has a strong comparative

advantage with a RCA of 2.3, while U.S. has a comparative disadvantage. In contrast,

in the VAE based RCA Chinese electronics industry scores only a moderate 1.6, and

the U.S. electronics turns into a comparative advantage. The discrepancy between gross

export and VAE based RCAs exceeds 50% (0.88 versus 1.36). The divergence between

these two measures is explained by the intermediate input to gross output ratio. The

Chinese electronics industry is located in the downstream part of the value chain; it uses

a relatively high level of intermediate inputs that comprises 84% of the gross output from

the industry. The high intermediate to output ratio inflates gross export statistics and

leads to an over-optimistic estimation of RCA. On the other hand, the U.S. electronics

industry adds more than 55% value on its own in 2009, and has the lowest intermediate

to output ratio among all 40 countries covered by this research.

On the other hand, the chemistry industry shows a very different picture. In China

the VAE based RCA index of chemistry is almost twice of the conventional one. It is
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Figure 4.1: Comparison of Gross Export and Value-added Export based RCA Index
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Notes: Each dot represents two measures of RCA at 2-digit industry level for the year 2009 (according to ISIC
Rev. 3 classification, see appendix table A.1 for details). The horizontal axis plots the value-added RCA of an
industry, and the vertical axis plots the conventional RCA based on gross export. The straight line is y = x;
dots that are further away from the line imply a larger discrepancy between the two RCA measures. Source:
WIOD database and author’s own calculation.

due to the fact that 87% of output from Chinese chemistry industry is used further as

intermediate inputs by other Chinese firms domestically, which is much larger compared

to 54% in the U.S. The majority of exported value created by the Chinese chemistry

industry therefore goes indirectly through other exported products and it explains the

discrepancy between the two RCA measures.7

The mismatch between the two RCA measures is also observed in service sectors. For

example, the RCA of Chinese finance industry is merely 0.04 according to the conven-

tional measure, while the VAE based one is much higher at 0.84. The disparity follows

the same reason as the chemistry industry that most output from Chinese finance in-

dustry is used by other domestic industries (79.3%) and the direct export is rather low:

according to the WIOD database, in 2009 only less than 0.7% of output in the Chinese

finance industry is exported directly, compared with 6% in the U.S.

In fact, some service sectors like land transport, vehicle repairing, and power supply

are non-tradable (or very little traded) due to the nature of their production. However,

they may play an increasingly important role in supporting other exporting sectors. For

example an efficient provision of energy and domestic logistics can be important for the

competitiveness of (direct) exporting firms. The conventional RCA cannot be measured

for these services since there is no (or very little) direct export from them. As a com-

parison, the VAE measure is able to identify the indirectly exported value-added which

allows me to derive the comparative advantages of these non-tradable business support-

ing services. While the previous literature about relatedness and structural change (e.g.

7More comparisons between gross export and value-added export based RCA can be found in Brakman
and van Marrewijk (2015), based on a decomposition of WIOD dataset by Wang Zhi. They also argue
that value-added RCA is more suitable in revealing the real economic activities.
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Table 4.1: Different Measures of Revealed Comparative Advantages (2009)

I - China

Industry RCAGO RCAVA Ratio II/GO (%) DUI (%) RCAL RCAM RCAH

Textile 3.00 2.91 1.03 79.5 56.1 5.05 2.56 0.41
Leather 2.90 2.80 1.04 80.2 47.1 4.48 2.20 0.33
Chemistry 0.54 1.04 0.51 79.4 87.0 1.64 1.04 0.33
Plastic 1.34 1.48 0.91 81.3 81.9 2.78 0.91 0.18
Metal 0.77 1.27 0.61 80.3 89.9 1.94 0.77 0.25
Machinery 1.02 1.06 0.96 77.0 50.3 1.91 0.80 0.27
Electronics 2.32 1.60 1.45 83.9 44.1 3.05 1.37 0.45
Automobile 0.45 0.61 0.74 80.5 51.9 1.28 0.52 0.18
Wholesale 1.42 1.16 1.22 39.9 54.6 0.62 0.79 0.80
Air Transport 1.45 0.99 1.46 75.2 17.5 0.23 0.50 0.94
Post & Communication 1.02 1.08 0.94 40.7 57.9 0.29 0.76 1.25
Finance 0.04 0.84 0.05 31.1 79.3 0.23 1.22 0.42
Business Services 0.73 0.45 1.64 59.3 69.4 1.42 0.42 0.23

II - United States

Industry RCAGO RCAVA Ratio II/GO (%) DUI (%) RCAL RCAM RCAH

Textile 0.25 0.31 0.81 56.3 53.7 0.16 0.50 0.72
Leather 0.08 0.11 0.78 51.7 54.5 0.05 0.19 0.30
Chemistry 0.95 1.01 0.94 66.5 53.8 0.09 0.67 1.59
Plastic 0.70 0.63 1.11 67.5 76.3 0.21 0.78 0.70
Metal 0.59 0.76 0.78 66.4 87.5 0.29 1.04 0.82
Machinery 1.08 1.04 1.04 58.0 27.5 0.14 0.75 0.86
Electronics 0.88 1.36 0.65 43.5 32.7 0.22 1.21 2.68
Automobile 1.23 1.13 1.09 72.5 34.5 0.18 0.84 1.36
Wholesale 2.47 1.64 1.50 21.4 42.0 0.55 2.00 1.11
Air Transport 1.67 1.87 0.89 53.9 21.8 0.65 2.38 1.56
Post & Communication 1.62 1.32 1.22 40.4 55.7 0.09 1.68 1.71
Finance 2.89 1.93 1.49 47.0 60.6 0.34 1.61 2.54
Business Services 1.50 1.50 1.00 33.8 75.3 0.45 1.27 1.67

Notes: The column “Ratio” is RCAGO/RCAV A, “II/GO” is the cost share of intermediate inputs in gross
output, “DUI” is the share of gross output that are used domestically by other industries as intermediate
inputs. When the capital share in the industry is very large (small), it is possible that RCAL, RCAM and
RCAH are all smaller (larger) than industrial overall value-added RCA (RCAV A). For example, in the Chinese
air transport industry the capital share is higher than 70%, while it is less than 20% in the U.S. In this paper
I focus on labour tasks and the values added by capital is excluded from calculating task RCAs. Source:
Author’s own calculation based on WIOD dataset.

Hidalgo et al. 2007 and Neffke and Henning 2013) focuses mostly on the industrial sec-

tors, I am also able to calculate the relatedness of business service tasks with the tasks in

the manufacturing sector to investigate the role of services in structural change. Indeed

as I will show in the next two sections, tasks in utility and logistics sectors play a quite

important role in the upgrading paths.

It is worthwhile to mention that the VAE measure in this paper is different from the

domestic value-added share in export (DVS) in Koopman, Wang, and Wei (2012). DVS is

defined as the share of domestic value-added that is embedded in one unit of gross output

produced by each industry. Thus DVS times the volume of gross exports gives an estimate
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for the domestic value-added that are embedded in export. The derivation of this measure

is easier, as it requires only domestic input-output tables of each country (Los, Timmer,

and de Vries, 2016). However, similar as the gross export data, DVS lacks the ability in

identifying the exact tasks that generate the value-added in exports. For example, assume

that the assembly of electronics products relies on some domestic supporting services.

The DVS measure will exclude the value that is embedded in imported intermediates,

and account for the value contributed by domestic service. However, in DVS the value

that is added upstream will be attributed to the exported products (i.e. electronics) and

is not separately identified as the contribution by service tasks.

Another advantage of using VAE is that the industrial value-added export can be

further decomposed into the contributions by tasks at different skill levels, and subse-

quently the RCA indices can be measured at the task level. It is important to identify

the comparative advantages for different skilled tasks. Under globalized production, a

country may specialise in certain tasks in the production process and it is not required

that a country must carry out all production stages. The comparative advantage of an

industry as a whole therefore becomes less informative as it does not tell much about the

country’s exact specialisation, and task level VAE gives more precise information on the

actual activities that are taking place.

I find that the difference between industry- and task-level RCAs is large and widely

existing. In figure 4.2, I plot the RCAs of 10 countries for the the electronics, chemical

and automobile industries that are supposed to be the most attractive among all manu-

facturing industries. The left-hand side of each graph depicts the (VAE based) RCA for

each industry as a whole, and the right-hand side depicts the RCA of the high-skilled task

in the industry. The industry-level RCAs seem to suggest that developing countries are

overtaking the developed world. For example China outperforms Germany and the U.S.

in electronics, Germany looks inferior to Czech in automobile, and the U.K. is not per-

forming well in all these three industries. But once we investigate the high-skilled tasks,

i.e. the most attractive economic activities in these “favored” industries, the RCAs of

developing countries decrease substantially; developed countries like Germany and the

U.S. are still playing a dominant role in the world.

The numerical evidence can be also found in the last three columns in table 4.1,

where I show the task-level RCAs for the U.S. and China. Looking only at the RCAs

of industries (VAE based), the U.S. leads in service sectors but China is not inferior to

the U.S. in the sophisticated manufacturing sectors like in electronics and machinery.

However, when we investigate task-level RCAs, it becomes clear that China has a strong

comparative advantage in the low-skilled tasks of electronics and machinery, which drives

up the overall industry-level RCAs. On the other hand the U.S.’s comparative advantages

lie mostly in the medium- and high-skilled tasks.

4.4 The Structure of the Relatedness between Tasks

Using the value-added export of tasks, I derive my “task space” which is an 84×84 matrix

containing the relatedness between each pair of tasks. The structure of relatedness will
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Figure 4.2: The RCAs of Industries and Tasks
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Notes: The plots depict the RCA indices for electronics, chemical and automobile industries. The marks on
the left side of each plot, as indicated by “overall”, stands for the VAE based RCA indices of each industry.
The marks on the right side represent the RCA indices of high-skilled tasks in the same industry. The y-axis
is in logarithm scale. Based on author’s own calculation using WIOD data of 2009. To avoid congestion in the
plots, only 10 countries in the WIOD dataset are shown.

be explored in this section. To have a quick view on the relatedness between tasks, the

task space is presented as a heatmap in figure 4.3. I number tasks from 1 to 84, and

organize them into three groups according to their skill levels. Tasks numbered 1 to

28, 29 to 56, and 57 to 84 correspond to low-, medium- and high-skilled tasks; detailed

correspondence table can be found in the appendix. The heatmap contains 84× 84 small

squares, the colour of a square on row x column y represents the value of φx→y . A darker

colour stands for a higher value of the relatedness index; note that in the graph a task

associated with a dark-coloured column has strong relatedness with the other tasks, and

therefore this task will be relatively easy to enter. To highlight the upgrading in skill, the

heatmap is divided by black lines into nine big blocks according to the tasks’ skill levels.

And to further facilitate the visualization, the colour of a small square is dyed with red

if the associated φx→y is above 0.55 which is the criteria for high relatedness as set in

Hidalgo et al. (2007). In my research about 22% relatedness indices fit this criteria.

It is evident from the heatmap that the three big blocks on the diagonal have a high

density of deep coloured squares, indicating that a task is, in general, more closely related

with other tasks at the same skill level. This is especially the case among low-skilled tasks

as shown by the deepest color in the block L → L on the north-west corner. The three
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Figure 4.3: Heatmap of Bilateral Relatedness Index beteen Tasks
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big blocks above the diagonal are the most interesting for developing countries, since the

relatedness represented by the squares in these blocks are associated with the likelihood

of the structural change towards high-skilled tasks. The upgrading from low-skilled to

higher skilled tasks should be difficult according to my task space, as the L → M and

L → H blocks contain only a few dark cells. The upgrading from medium-skilled to

high-skilled tasks is relatively easier, especially in many business services sectors (task

codes 72 to 80, see the appendix), however the relatedness between medium- and high-

skilled tasks are still low in heavy industries and sophisticated manufacturing sectors (65

to 71).

An important target of the paper is to evaluate the difficulty in horizontal and vertical

types of upgrading. The horizontal upgrading, i.e. the shift of low-skilled employment

towards other low-skilled activities that are more attractive, will be relatively easy ac-

cording to the high relatedness between all kinds of low-skilled activities. For example,

the relatedness φx→y representing the re-allocation from low-skilled textile task to elec-

tronics task is 0.67, and to low-skilled automobile task is 0.63. It means for countries that

already have a comparative advantage in low-skilled textile tasks, two-third of them have

a comparative advantage in low-skilled tasks in electronics (or automobile) as well, which

shows that low-skilled tasks in sophisticated products’ value chains have a good fitness

with the socio-economic conditions of the less developed world. In other words, my task

space predicts that countries at an early stage of development can also participate in the

GVCs of sophisticated products (for example electronics or automobile) by performing
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low-skilled tasks.

What about the difficulty in vertically upgrading for less developed countries, namely

the upgrading along the value chain towards higher skilled tasks within an industry? The

relatedness structure suggests that vertical upgrading is on average more difficult than

the horizontal upgrading, but the difficulty differs a lot across industries.

To investigate within-industry skill upgrading, one should look at the squares on the

diagonal lines in the L → M and L → H blocks, as these squares represent the values

of φx→y such that the task x and y belong to a same industry (i.e. y − x equal to 28

or 56, see also the task code table in the appendix). In the heatmap the diagonal lines

are darker than other squares in these two blocks, indicating that the task upgrading

towards higher-skilled activities within the same industry is relatively easier than the

upgrading towards other higher-skilled activities in other industries. But the heatmap

is not particularly suited to compare the vertical upgrading’s difficulty with horizontal

upgrading. For a clearer comparison, in figure 4.4 I draw the density plots for three sets of

relatedness indices that are associated with different types of upgradings. The solid line

represents the density of relatedness between two low-skilled tasks (i.e. horizontal shifts),

while the dashed line for the relatedness between low-skilled tasks and the medium- and

high-skilled counterparts within each industry (i.e. vertical upgrading). As shown in

this figure, the relatedness for horizontal upgradings are on average higher than the

relatedness for vertical upgrading; in the former case 64% of the relatedness indices are

larger than 0.55, while 40% for the latter.

Figure 4.4: Distribution of Relatedness Index for Two Types of Upgrading
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Notes: Kernel density distributions of relatedness φx→y. The solid line is the distribution for the relatedness
within low-skilled tasks (mean: 0.601, median: 0.610). The dashed line represents within industry vertical
upgrading, i.e. the relatedness between low-skilled tasks and the medium- and high-skilled tasks within each
industry (mean: 0.503, median: 0.489).

The difficulty in vertical upgrading is also predicted to be quite heterogeneous. Verti-

cal upgrading seems to be relatively easy in the light manufacturing sector (textile, leather

and shoes, wood products), the corresponding relatedness between low-skilled tasks and

the medium- and high-skilled counterpart is around 0.7 (among the top 10% percentile
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in all relatedness indices). However, in more “attractive” manufacturing sectors, namely

in the GVCs of sophisticated products, vertical upgrading turns out to be much more

difficult. The φx→y regarding the upgrading from low- to medium-skilled tasks in ma-

chinery, electronics and automobile sectors are only 0.38, 0.33, and 0.32 respectively,

which are below the median of all relatedness indices. It suggests that horizontal and

vertical upgrading in sophisticated GVCs are different processes. The participation in

low-skilled tasks in the GVCs is relatively easy due the strong relatedness with other

low-skilled tasks in traditional sectors, but the participation does not seem to guarantee

vertical upgrading to happen spontaneously.

An interesting finding is that the task space reveals the complementarity between

tasks in manufacturing and several business service sectors. I find that high-skilled

tasks in several business service sectors show a high relatedness with their low-skilled

counterpart, with a φx→y larger than 0.55. These sectors are electricity, gas and water

supply (73), inland transport (78), water transport (79), sale & maintenance of vehicles

(75), renting of machinery & equipment and other business services (83), and even air

transport (80). Note that all these services are related with utility and logistics that

support domestic and international trade. More importantly, the medium- and high-

skilled services tasks are also highly related with many other low-skilled tasks in the

manufacturing sector, as indicated by the dark colored columns in the L → M and

L → H blocks. This type of relatedness is likely to be an outcome of complementarity

between manufacturing and trade. This pattern is more clearly illustrated in the network

analysis in the next section, in which I will also show that the development in higher-

skilled trade supporting tasks is empirically observed in the actual upgrading paths of

developing countries (for example in China).

4.5 Paths of Structural Change in the Task Space

What are the directions for structural change suggested by the task space? In this section

I am going to transform the relatedness indices into a network graph that depicts the

possible structural upgrading paths.

4.5.1 The Economic Potential of Tasks

Structural upgrading is a directed process in which a country moves towards more attrac-

tive tasks, i.e. the tasks that have higher potentials for economic growth. To evaluate

the benefits from a certain upgrading path, it is important to first measure the economic

potential (i.e. “desirability”) of a task, which has not yet been formally defined.

So far I have assumed that higher-skilled tasks are more attractive than the lower-

skilled one within the same industry, which seems to be plausible. But the economic

potentials cannot be easily compared for tasks across sectors. This calls for an objective

measure of a task’s economic potential, since it is crucial when one wants to define

“upgrading”. In this paper, I follow Hausmann, Hwang and Rodrik (2007) and use a
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modified PRODY index to measure the economic potentials of tasks. The PRODY index

of a task x is defined as follows in this paper:

PRODYx =

∑
iwiyiRCAi,x∑
iwiRCAi,x

, (4.10)

where yi is the per-capita income of country i, and wi is an importance weight for each

observation and here I use the country’s economic size (national GDP)8.

In table 4.2 I list five tasks that have the highest/lowest PRODY averaged over the

period 1995 to 2009. PRODY is a revealed measure of economic potential and can be

interpreted as the income level of a representative country that export this task. Thus,

a high PRODY means that the task is usually the comparative advantage of developed

countries with a high level of income per capita.

Table 4.2: Tasks with the highest and lowest PRODY index

Top 5 Bottom 5

Task PRODY Task PRODY

High-skilled Electronics 32,064 Low-skilled Agriculture 8,357

Med-skilled Air Transport 31,039 Low-skilled Mining 8,990

High-skilled Publishing 30,784 Low-skilled Leather & Shoes 9,775

High-skilled Business Services 30,661 Low-skilled Textile 10,093

High-skilled Automobile 30,073 Low-skilled Oil Refinery 11,527

Source: Author’s own calculation based on WIOD. Averaged PRODY across 1995 to 2009.

PRODY provides an ordering for the attractiveness of tasks in structural change.

The magnitude of PRODY is also meaningful, and the benefit from a particular path

of structural change can be proxied by the difference between the PRODY indices of

two tasks. To give an example, the PRODY indices for low- and medium-skilled tasks

are 10,093 and 15,898 in the textile sector, and 17,693 and 25,977 in electronics. So if

we do not consider the difficulty in structural change for a moment, starting from the

low-skilled tasks in textile, the vertical upgrading is less attractive than the horizontal

upgrading towards electronics. If after the integration with the GVCs the country can

further achieve the vertical upgrading in the electronics industry as suggested by Lin

(2012), a much larger gain is expected for the horizontal upgrading towards electronics.

8Income per capita and national GDP are the real (per-capita) output-side GDP, taken from the
Penn World Table 8.1 (Feenstra, Inklaar and Timmer 2015). The PRODY index used here is a weighted

PRODY which differs from the original one
∑

i yiRCAi,x∑
i RCAi,x

as in Hausmann, Hwang and Rodrik (2007).

The original PRODY index can be viewed as a weighted average of income per-capita across countries,
and the weight for each observation is the comparative advantage of each country. If a task frequently
has a high RCA in richer countries, the per-capita incomes of those richer countries get a higher weight
and it translates into a higher PRODY index for this task. However, small countries usually have a much
higher degree of specialisation and have more extremely high values of RCA indices than larger countries.
Effectively small countries are over-represented, making the original PRODY index less meaningful. For
example, the top 3 most attractive tasks according to the original PRODY are low-skilled finance,
low-skilled business services, and medium-skilled finance. I use economy size (national GDP) as the
importance weight wi for each country, and the weighted PRODY gives a more meaningful ranking of
tasks’ economic potentials.
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4.5.2 Possible Upgrading Paths in a Network Graph

With a proper measure for the economic potentials of tasks, the structural upgrading

process of a country can be intuitively described in a so-called “jumping monkey” analogy

as discussed in Hidalgo et al. (2005). Each task can be viewed as a tree, and its economic

potential is represented by the number of fruits that the tree is able to produce. The

employment in a task is then in analogy to the monkeys living in a particular tree, and

the process of structural upgrading can be viewed as the monkeys jumping towards the

trees that provide them with more fruits. But monkeys must take the distance between

trees into consideration before making a jump, as a monkey can only jump towards the

trees that are close enough to the tree it currently lives in (i.e. two tasks must have

sufficiently high relatedness).

The possible paths for structural change are therefore in analogy to a “map” that

plots the possible jumping routes between the trees, and I illustrate it by the means of a

network graph as in figure 4.5. A network consists of nodes and edges. In the network of

my task space, nodes represent the tasks at various skill levels. Different skilled tasks are

represented by different colors, and their size indicate the average share of employment

of tasks in the economy (for the 40 WIOD countries in 1995, unweighted). The edges

represent the feasibility of the directions of structural change. The change from one task

to another is said to be possible if there is an edge linking these two nodes. In this

paper I use the criteria by Hidalgo et al. (2007); two nodes are linked by an edge if the

associated φx→y is greater than 0.55.

The nodes are vertically positioned in the graph according to their PRODY index,

such that in figure 4.5 the nodes from the bottom to the top are in an ascending order

according to their economic potentials.9 To reduce the complexity of the graph and

to focus more on the process of structural upgrading, I only draw the edges that are

associated with an upgrading direction where the “target” task’s PRODY index is at

least 20% higher than the “source” (i.e. PRODYy/PRODYx ≥ 1.2). I also exclude the

relatedness with the tasks in which less than 10 countries have a comparative advantage

to increase the reliability of the visualization (see the discussion in footnote 4, in total

3 nodes are affected). Note that there are also many “isolated tasks” that do not have

any edge with others; I position these nodes on the left side of the graph.

Figure 4.5 confirms the findings based on the heatmap that horizontal upgrading is

much more likely than the vertical one. Nodes of low-skilled tasks are heavily linked with

each other, and at the same time low-skilled tasks in different industries show a large

heterogeneity in terms of their potentials for economic growth. The low-skilled tasks in

sophisticated products (e.g. electronics and automobile) have a PRODY index around

$20,000, which is almost twice of the PRODY of traditional low-skilled activities like

in agriculture and textile (around $10,000). This shows that horizontal upgrading is a

feasible option and has an important growth enhancing effect for countries at an early

9The horizontal axis of my network graph does not have a particular meaning; the horizontal positions
of nodes are chosen to reduce the number of crossings of edges and to make the graph more readable.
Note that my network graph is different from the product space network as in Hidalgo et al. (2007);
they do not visualize the economic potentials of products and both horizontal and vertical positions of
nodes are determined by an algorithm to minimize the number of crossings of edges.
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Figure 4.5: Network Graph of the Relatedness in the Task Space

stage of development.

On the other hand, there is only a limited number of edges that span from low-skilled

tasks towards higher skilled ones (highlighted by a darker colored column in figure 4.5),

and mostly towards the medium- and high-skilled tasks in utility and logistics sectors

(47, 51, 52, 73, 75, 79, 80, etc). However, the opportunity of vertical upgrading seems to

be rather low in most manufacturing sectors; only upgrading towards higher skilled tasks

in light industries seems to be promising (in textile and leather products, 32, 33, 60, 61).

The medium- and high-skilled tasks in modern manufacturing sectors (37 to 44 and 65 to

72) turn out to have the highest level of PRODY index, therefore the vertical upgrading

in these industry is expected to yield a much higher gain for an economy in the future.

However there is little relatedness between these tasks with other tasks in the rest of the

economy. For example, in electronics industry the relatedness between low- and medium-

skilled tasks (14 and 42) is only 0.33, and 0.45 between medium- and high-skilled (42 and

70). When looking at the relatedness index with other tasks, only the high-skilled task in

automobile (71) has a relatedness higher than 0.55 with the high-skilled electronics task.

However they have very similar levels of PRODY which are among the top of all tasks.
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Therefore this route is not very relevant, and is not an option for developing countries

that do not have a comparative advantage in high-skilled sophisticated manufacturing.

Similar as in the heatmap, the network graph also shows that medium- and high-

skilled tasks in utility and logistics-related business services have a higher probability

to evolve even during the early stage of development. There might be two possible

reasons behind the relatedness between these services tasks and low-skilled tasks in man-

ufacturing industries. Firstly, utility and logistics sector complement the low-skilled

manufacturing tasks by reducing energy and transportation costs. Compared with many

medium- and high-skilled manufacturing tasks which are frequently embedded in light-

weighted but valuable products, low-skilled manufacturing tasks are usually associated

with physical processing and are low in their value-added. The costs spent on energy and

logistics constitute therefore a relatively larger share in the effective price. More efficient

utility and logistics therefore reduce the effective costs in delivering the low-skilled tasks

to the world market, which increase the competitiveness of low-skilled manufacturing

firms. And on the other hand, an abundant supply of low-skilled labour means the skills

of personnel in logistics and utility sectors can be utilized at a larger scale. This increases

the ability and willingness for firms in these services sectors to pay a higher wage and

keep high-skilled staff for key positions. This in turn attracts highly educated young

people to enter these sectors.

The second reason is the relatively low propensity of offshoring for tasks in utility and

trade supporting sectors. In principle the high-skilled tasks in these sectors are remotely

transmittable (for instance, the scheduling in logistics), but the nature of these sectors

makes the solutions provided outside of the country less competitive. Different from

ICT or financial services where remote work from another country will not significantly

dampen the quality of output being delivered, many of the high-skilled tasks in utility

and logistics require location and relationship specific knowledge that are frequently tacit

(for example, knowing the regional traffic or power grid conditions). This might create a

natural barrier against foreign competitors, such that the high-skilled tasks have a higher

chance to develop even when a country is still at a relatively low level of development.

4.6 The Dynamics of Economic Structure in the Task

Space

The task space is static in the sense that the derivation relies on cross sectional data, i.e.

it is empirically calculated based on the “snapshot” of countries’ comparative advantages

in each year. How does my task space fits the dynamics in actual paths of structural

change? In this section I will first visualize the changes in comparative advantages in

the task space for countries at different levels of development during 1995 to 2009. And

in the second subsection I will use regression analysis to formally investigate the role of

task space in determining the direction of future structural change.
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4.6.1 Actual Structural Upgrading Paths in the Task Space

To see whether the actual directions of export structural change follows the possible

paths suggested by the task space, and to investigate the structural dynamics across

different type of countries, in figures 4.6(a) to 4.6(c) I depict the changes in task-level

RCAs from 1995 to 2009 for three subsets of countries in the WIOD database: Non-

European developing countries, Eastern-European countries, and developed countries.10

In each figure, plots I and II show the comparative advantages of each country group in

1995 and 2009, plot III identifies the new and disappeared comparative advantages, and

plot IV identifies the tasks with the largest increase and decrease in the value of their

RCA.

Non-European developing countries have on average the lowest level of per-capita

income among all countries covered by the WIOD dataset. Their comparative advantages

are mainly in low-skilled tasks in both 1995 and 2009. The tasks that have the quickest

development are those low-skilled tasks with relatively high economic potentials, most

notably in the Machinery, Electronics and Automobile industries (code 13 to 15). New

comparative advantages also arise in some non-isolated medium- and high-skilled tasks.

However, there is no notable development in the isolated medium- and high-skilled tasks

although they have the highest growth potential according to the PRODY index. Low-

skilled agricultural tasks remain a comparative advantage in 2009, but the decrease in its

RCA value is one of the largest among all tasks. In combination, these patterns suggest

that structural change paths of non-European developing countries can be described as

horizontal upgrading, i.e. the shift of low-skilled employment from traditional activities

towards low-skilled tasks in the value chains of sophisticated products.

Eastern European countries are at a higher level of development. In 1995 they already

have many comparative advantages in several non-isolated medium- and high-skilled tasks

that are on the upper-right corner of the plot (see Fig.4.6(b)). During 1995 to 2009, a

considerable share of comparative advantages in low-skilled tasks has disappeared, and

the Eastern European countries were developing their new advantages in medium- and

high-skilled tasks, including some of the “isolated” ones. Plot IV also confirms that

in Eastern European countries the RCA indices of medium-skilled task in Rubber and

Plastic (38) and automobile (43) have the largest increases among all tasks; these tasks

are predicted to be hard to enter according to the task space.

The advanced countries already have a comparative advantage in high- and medium-

skilled tasks in 1995, mostly among the favourable but isolated tasks on the upper-left

corner (Fig.4.6(c)). During the period examined here, developed countries continued

consolidating these comparative advantages. They did not have a comparative advantage

in low-skilled tasks from the beginning but the largest decreases in RCA are still observed

for these low-skilled ones.

China is a fast emerging economy and a large offshoring destination in recent decades.

10Non-European developing countries: Brazil, China, India, Indonesia, Mexico, Russia and Turkey.
Eastern European Countries: Bulgaria, Cyprus, Czech Republic, Estonia, Greece, Hungary, Lithuania,
Latvia, Malta, Poland, Romania, Slovakia, and Slovenia. Developed countries: other countries in the
WIOD database.



108 Chapter 4. Task Space

Figure 4.6: Dynamics of Comparative Advantages from 1995 to 2009

(a): Non-European Developing Countries

I. Comparative Advantages in 1995 II. Comparative Advantages in 2009
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III. New & Disappeared Comp. Adv. IV. Largest Increase/Decrease in RCA
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Notes: Figure 4.6(a)-(c) are based on the average RCAs in each country group, weighted by the country sizes
in 1995 (or 2009). Figure 4.6d is based on the RCAs in China. In each figure, the rounds and crosses in plot
III indicate new and disappeared comparative advantages, respectively. And in Plot IV, triangles and crosses
show the tasks with top 10% increases/decreases in their RCA values.

It has quickly integrated in world markets. I illustrate the export structural change of

China separately in figure 4.6(d) using the same set of plots as 4.6(a)-(c). Similar as

other non-European developing countries, the comparative advantage of China mainly

lies in low-skilled tasks. Plot 4.6(d)-III shows that China has gained new comparative

advantage in various medium-skilled tasks including several desirable but isolated ones.

It seems to suggest that China has overcome the lack of relatedness and has undergone

vertical skill upgrading at a quite early stage of development, considering its low income

level in 1995 (real income per capita $3,445 at 2005 constant price according to PWT

8.1, the second lowest among all countries in the WIOD database and comparable to

countries like Egypt and Sri Lanka). But when we look at the largest changes in the

RCA values, plot IV shows China’s upgrading pattern looks much like other developing

countries, namely the RCAs rise the most in low-skilled tasks in sophisticated products

(13 to 15), and the trade supporting services (23 and 51 on water transport, 73 on utility,

and 81 on telecommunication), and the largest decreases in RCA are found in agriculture

and traditional manufacturing.

To examine whether China has undergone a rapid vertical upgrading along the value
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4.6(b): Eastern-European Countries

I. Comparative Advantages in 1995 II. Comparative Advantages in 2009
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III. New & Disappeared Comp. Adv. IV. Largest Increase/Decrease in RCA
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4.6(c): Developed Countries

I. Comparative Advantages in 1995 II. Comparative Advantages in 2009
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4.6(d): China

I. Comparative Advantages in 1995 II. Comparative Advantages in 2009
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chain, it is worthwhile to closely investigate changes in the RCA values of each task from

1995 to 2009, as shown in table 4.3. The low-skilled task in electronics has undoubtedly

the largest increase in RCA, and the medium-skilled electronics task has also a notable

growth in the RCA of more than 0.6 and it turned into a comparative advantage by 2009.

For the other two isolated tasks in which China has gained a comparative advantage, i.e.

medium-skilled tasks in Chemistry and Finance (37 and 54), their increases in RCA are

much more moderate. As a comparison, many tasks in utility and trade supporting

sectors not only switched into the status of a comparative advantage, but also have quite

large increases in their RCAs. There are also other service tasks that have a large rise in

the RCA but in which China has not reach comparative advantage yet, for example the

high-skilled tasks in retailing and air transport. When we investigate the skill structure

of employment in each Chinese industry,11 the share of medium- and high-skilled labour

in Chinese electronics industry has increased by 6.1 percentage points between 1995 and

2009, which is faster than, but not very different from, other manufacturing sectors. It

seems that the new comparative advantage in medium-skilled electronics is an outcome

of a rapid expansion of the total size of the Chinese electronics industry rather than

within-industry skill upgrading. On the other hand, the largest within-industry skill

upgrading is observed in retailing and wholesaling sectors (about 13 percentage points

increase in the share of medium- and high-skilled labour in total employment).

11The data are provided in the socio-economic account of WIOD. See Table A.2 in the appendix for
details.
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Table 4.3: Revealed Comparative Advantage of Tasks in China, 1995 and 2009

1995 2009

Sector
Skillness

L M H L M H

Agriculture 6.25 0.65 0.05 4.85 0.88 0.02
Mining 2.66 1.55 0.15 1.63 1.09 0.33
Food Manufacturing 1.35 0.70 0.10 1.69 0.89 0.24
Textile 5.76 2.47 0.20 5.05 2.56 0.41
Leather Products 5.71 2.75 0.19 4.48 2.20 0.30
Furniture 2.71 0.78 0.08 2.99 0.88 0.17
Paper and Publishing 1.50 0.50 0.04 1.70 0.58 0.09
Refinery 1.72 1.54 0.28 1.51 1.48 0.67
Chemistry 1.25 0.77 0.13 1.64 1.04 0.33
Rubber and Plastic 2.34 0.80 0.09 2.78 0.91 0.18
Non-metal Minerals 4.05 1.34 0.13 3.08 0.93 0.16
Metal 1.92 0.79 0.14 1.94 0.77 0.25
Machinary 1.02 0.41 0.08 1.91 0.80 0.27
Electronics 1.67 0.74 0.15 3.05 1.37 0.45
Automobile 0.40 0.18 0.04 1.28 0.52 0.18
Other Manufacturing 1.24 0.37 0.04 1.84 0.54 0.10
Utility 2.51 1.33 0.34 2.57 2.00 1.25
Construction 0.84 0.35 0.06 0.69 0.28 0.10
Sale of Automobile n.a. n.a. n.a. n.a. n.a. n.a.
Wholesaling 1.04 0.75 0.29 0.62 0.79 0.80
Retailing 0.31 0.35 0.08 0.22 0.37 0.19
Inland Transport 1.73 1.10 0.18 1.25 0.70 0.24
Water Transport 0.95 0.44 0.17 2.58 1.48 1.01
Air Transport 0.26 0.51 0.44 0.23 0.50 0.94
Post and Communication 0.16 0.28 0.29 0.29 0.76 1.25
Finance 0.14 0.98 0.16 0.23 1.22 0.42
Real Estate 4.60 1.80 0.25 3.12 0.99 0.22
Business Services 0.51 0.16 0.04 1.42 0.42 0.23

Source: Author’s own calculation based on WIOD dataset. L, M, H stands for the low-, medium- and
high-skilled tasks in each industry. Note that China does not have a separated industry classification for
“Sale and Repair of Motor Vehicles and Motorcycles; Retail Sale of Fuel” (ISIC code 50).

4.6.2 Testing the Role of Task Relatedness in the Actual Direc-

tions of Structural Change

To provide econometric evidence that countries upgrade through the task space towards

highly related tasks, I am going to show that a task’s proximity to country’s current

comparative advantages has significant predictive power on whether the country will

develop a new comparative advantage in this task.

The concept of economic activity relatedness has been used in various studies. How-

ever, there is still a lack of systemic econometric tests in the literature. Recently Kali et

al. (2013) calculated the proximity between the set of comparative advantageous prod-

ucts and comparative disadvantageous products in a country, and use this as a measure
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for the country’s proximity to future comparative advantages. They show that a coun-

try has a higher probability in experiencing a growth acceleration if its initial economic

structure has a closer link with those products that the country correctly does not have

a comparative advantage in.

While it is interesting to investigate the economic structure and the probability of a

growth acceleration, the data I use cover a period of 15 years which is not long enough

for the analysis of long-run economic growth and growth accelerations.12 Therefore this

research has a different focus, namely I am interested in a systematic test on the paths

of structural change, to see whether relatedness play a significant role in determining the

new comparative advantages in the future. Formally, I am going to test the following

hypothesis:

The probability that a country gains comparative advantage in a task is posi-

tively associated with the proximity of this task with the current export struc-

ture of the country.

I use the following indicator to measure the proximity of a task x to the economic

activities in which the country i currently has a comparative advantage:

φ̃i,x =
∑

y∈Advi

si,yφy→x, Advi: the set of tasks in country i with RCAi,y > 1. (4.11)

In the equation, si,y is the share of employment (measured by the number of working

hours) by task y in overall employment of country i; all variables are based on the

information in the initial period. This measure takes both the strength of relatedness

(i.e. φy→x) and the relative size of related comparative advantageous tasks (si,y) into

consideration. It can be viewed as a support for the development in a new task (“new”

means the task is currently a comparative disadvantage of the country) from the economic

structure of country i. Namely, a task gets a stronger support if it has higher relatedness

to the comparative advantageous tasks that have larger shares of employment in the

economy.

This proximity indicator is different from Kali et al. (2013) and Hidalgo et al. (2007),

who separately measure the strength of relatedness and the relative size of the economy

related to the new task. Their strength measure is the maximum relatedness of a task

with current comparative advantageous tasks, i.e. φmax
i,x = maxy∈Advi

{φy→x}, which

I will include in the robustness check. Another measure they use is constructed as

ωx,i =
∑

y∈Advi
φy→x/

∑
y φy→x which they refer to as the “density” of relatedness.

The target of this variable is to measure the “percentage of neighbouring space around

the new task that is already developed in a country” (Hidalgo et al. 2005), however it

effectively assigns a similar weight to each product code (or task code) and does not take

the actual structure of economic activities into consideration.13

12One of the criteria in identifying growth accelerations is that the accelerating period must sustain
for at least 8 years (see Hausmann, Pritchett, and Rodrik 2005 and Kali et al. 2013). Data coverage for
15 years is therefore too short for this kind of analysis

13To see that, consider four products. The relatedness between products 1 & 3 and between 2 &
4 is 0.9; the relatedness between any other pairs is 0.1. Assume country A and B have comparative
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The proximity of a task to current comparative advantages of the country (i.e. φ̃i,x)

is derived based on the pooled task space using RCAs from 1995 to 2009 as described in

section 4.2, and the employment structure of the initial period (i.e. 1995). I focus on the

tasks that have an RCA95 < 0.75 in the initial year. Tasks whose initial RCA is close

to one are excluded in the benchmark analysis, since whether the task is a comparative

advantage or disadvantage (i.e. whether the RCA is larger or smaller than 1) can be

sensitive to the fluctuations in trade and measurement errors in these cases. The growth

of RCA from 0.75 to above 1 is large enough to ensure it is not merely due to these

fluctuations.14

To provide a quick diagnostic on the role of proximity in determine the probability

of gaining a new comparative advantage, in figure 4.7 I plot the share of tasks that have

gained a comparative advantage for the observations with different levels of φ̃i,x. Tasks

with the highest level of proximity have almost a 10 times higher probability in becoming

a new comparative advantage for the country, compared to those with the lowest level of

proximity.

Figure 4.7: Probability of Gaining a Comparative Advantage (95–09)

0

5

10

15

20

25

30

<0.05 0.05~0.1 0.1~0.15 0.15~0.2 0.2~0.25 0.25~0.3 0.3~0.35 >0.35

Proximity with Export Structure    .

P
ro

b
ab

il
it

y
 (

%
) 

 .

Notes: Only observations with an initial RCA95 < 0.75 are included. The vertical axis is the measured
probability in gaining a comparative advantage, calculated as the number of observations that have gained a
comparative advantage in the period 1995 to 2009, divided by the total number of observations in a certain

range of φ̃i,x as represented on the horizontal axis. The variable φ̃i,x is the task’s proximity with the initial
export structure of a country, see equation (4.11).

Formally, I test the hypothesis using the following probit regression:

Prob(RCAi,x,09 > 1|RCAi,x,95 < 0.75)

= Φ(Const. + β1φ̃i,x,95 + β2Potentiali,x,95 + β3RCAi,x,95 + εi,x),
(4.12)

advantage in product 1 and 2. These two products make up, say, 60% and 30% of total employment in
A, and 30% and 60% in B. Intuitively, product 3 is more likely to develop in country A (and product 4
in B) since it is related with a larger share of the economy. The density measure as in Hidalgo et al. and
Kali et al. does not use the information of employment structure and will give the relatedness density
ω3 = ω4 = (0.9 + 0.1)/(0.9 + 0.1 + 0.1) = 10/11 for both product 3 and 4 in both country A and B.

14Hidalgo et al. (2007) use a 4-digit industry classification and focus on observations with an initial
RCA smaller than 0.5. I classify tasks at the 2-digit level; at such an aggregated level it is more difficult
for RCA to grow quickly, therefore a higher threshold of 0.75 is chosen. Focusing on RCAs below 0.5
would result in a smaller sample size and more importantly, much fewer number of tasks have gained a
comparative advantage in this subset which dampens the power of probit regressions I use.
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where Φ(.) is the cumulative distribution function of the standard normal distribution.

The core parameter in the regression equation is β1. A positive and significant β1 implies

that the probability in gaining a comparative advantage is positively associated to the

proximity of the task to the comparative advantageous tasks, therefore relatedness has

predictive power on the actual direction of structural change.

I include two important control variables. Note that structural change is in general

an upgrading process, and whether a certain task is attractive for a country not only

depends on the economic potential of the task itself, but also on the level of development

of the country. So the task’s economic potential relative to the country’s average level

should be controlled for. Following Hausmann, Hwang and Rodrik (2007), the economic

potential of a country i can be proxied by the so-called EXPY index, which is a weighted

average of PRODY and the weights are the shares of value-added export of each task

from i:

EXPYi =

(∑

x

V AEi,xPRODYx

)
/
∑

x

V AEi,x. (4.13)

The control variable I use is constructed as Potentiali,x,95 = ln (PRODYx/EXPYi); it is

positive (negative) when the PRODY of the task is higher (lower) than the EXPY of the

country. I also include the task’s initial RCA value as a control variable, because if other

things stay the same, it would be easier for a task to obtain the status of comparative

advantage (i.e. RCA> 1) if it has a higher RCA at the beginning.

The regression results are reported in table 4.4. The “MEF” columns next to a probit

regression refer to the marginal effects evaluated at the mean of independent variables.

Column 1 is the baseline model corresponding to the regression equation 4.12 above. As

expected, the coefficient β1 is positive and strongly statistically significant, indicating

that countries indeed tend to gain comparative advantage in tasks that have higher

proximity to current comparative advantageous tasks. The effect is also economically

important. The marginal effect for specification (1) shows that when the proximity to

current comparative advantages increase by one standard deviation (around 8 percentage

points), the probability in gaining a comparative advantage is predicted to increase by

1.7 percentage points. This effect is large in the view that only 7.7% of the tasks have

gained a comparative advantage across the whole sample.

In specifications (1a) and (1b), I use φmax
i,x as an alternative measure for the task’s

proximity to the current export structure. When only φmax
i,x is included, the coefficient

is positive and significant which confirms the finding in Kali et al. (2013), but the R2 of

the regression has decreased compared to (1). And when both proximity measures are

included in (1b), only φ̃i,x is significant and the coefficients are very similar as (1), indi-

cating that there is no need to control for the maximum strength of relatedness when φ̃i,x

is in place. In column (2) I use the symmetric relatedness (i.e. φx,y = min(φx→y , φy→x)

as in Hidalgo et al. 2007) to construct the proximity measure, and in specification (3)

I focus only on developing countries with real GDP per capita lower than $20,000 in

2000. In both cases I obtain a similar result as the benchmark. Noteworthy, there is

no statistical difference in the marginal effects of φ̃i,x in (1) and (3), indicating that the

task’s proximity to the current export structure has a similar effect on the probability in

gaining a comparative advantage for both developing and developed countries.
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Table 4.4: Regression Results

I - Main Results

Baseline Use φmax
x Both Symmetric Relatedness Developing Econ

(1) MEF (1a) (1b) (2) MEF (3) MEF

φ̃x,i 3.593 0.215 3.948 4.788 0.283 2.767 0.234
[0.625] [0.044] [0.843] [0.807] [0.057] [0.753] [0.067]

φmax
x,i 1.363 -0.353

[0.418] [0.560]

Potential95 1.443 0.086 1.625 1.388 1.440 0.085 1.182 0.100
[0.223] [0.013] [0.234] [0.238] [0.222] [0.013] [0.275] [0.022]

RCA95 3.300 0.198 3.128 3.342 3.289 0.195 3.205 0.271
[0.309] [0.026] [0.307] [0.317] [0.310] [0.026] [0.382] [0.039]

Const. -3.649 -3.789 -3.506 -3.767 -3.360
[0.218] [0.307] [0.312] [0.230] [0.261]

R2 0.260 0.236 0.260 0.262 0.248

Obs. 1646 1646 1646 1646 843

# Positive 131 (7.69%) 131 131 131 77 (9.12%)

II - Testing Vertical Upgrading

M&H Tasks, All Observations M&H Tasks, Developing Countries

(4a) (4b) (4c) (4d) (5a) (5b) (5c) (5d)

φ̃x,i 4.025 4.246 4.102 2.732 3.222 3.135
[0.795] [0.815] [0.806] [0.988] [1.040] [1.036]

Potential95 1.499 1.615 1.553 1.380 0.989 1.175 1.155 0.973
[0.304] [0.318] [0.318] [0.308] [0.410] [0.432] [0.043] [0.422]

RCA95 3.159 3.242 3.191 3.149 2.902 2.986 2.939 3.001
[0.347] [0.353] [0.351] [0.343] [0.433] [0.437] [0.434] [0.432]

RCAL -0.069 -0.103
[0.052] [0.068]

IsRCAL -0.076 0.021 -0.232 -0.077
[0.126] [0.122] [0.177] [0.167]

Const. -3.680 -3.701 -3.688 -2.968 -3.170 -3.236 -3.217 -2.675
[0.263] [0.263] [0.263] [0.203] [0.327] [0.333] [0.331] [0.263]

R2 0.208 0.210 0.208 0.171 0.173 0.180 0.178 0.154

Obs. 1098 541

# Positive 107 (9.7%) 61 (11.3%)

Notes: Standard errors are reported in square brackets. All specifications are probit regressions, the dependent variable is a
dummy indicating whether the country has gained a comparative advantage in the task in the year of 2009. I use the observations
with initial RCA95 < 0.75. Specifications (4) and (5) focus only on medium- and high-skilled tasks, and specifications (3) and
(5) uses only the observations from developing countries (real GDP per capita in 2000 smaller than $20, 000). MEF is the
associated marginal effect evaluated at the mean, using the delta method. “# Positive” indicates the number of observations
with a dependent variable equal to one in the probit regression, and the term in bracket indicates the percentage in the total

number of observations. The row of R2 is the pseudo-R2 of the probit regressions.

In the lower panel of table 4.4, I test the propensity of vertical upgrading. To be more

specific, I focus on the subsample of developing a comparative advantage in medium- and

high-skilled labour, and to test the hypothesis whether the existence of a comparative

advantage in low-skilled tasks of a given industry is positively correlated with the prob-

ability that the country gains a comparative advantage in higher skilled tasks within

the same industry. Column (4a) replicates the baseline regression for the subsample.

Compared to the baseline regression in the column (1) all coefficients do not have statis-
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tically significant differences.15 In (4b) I include the RCA of low-skilled tasks in the same

industry as a control variable, and alternatively in (4c) I include a dummy indicating

whether the low-skilled task is a comparative advantage of the country in 1995. However,

the coefficients on low-skilled tasks’ RCAs are insignificant in both specifications, while

coefficients on all other variables are almost the same as (4a). It is possible that the effect

of vertical relatedness is already controlled by including the “overall” proximity φ̃i,x in

the regression. But even when φ̃i,x is excluded, column (4d) shows that the existence

of a comparative advantage in the low-skilled task of an industry still has no significant

correlation with the probability of gaining comparative advantage in higher-skilled tasks.

In column (5a-d) I replicate the probit regressions of (4a-d) but focus on the subsample

of developing countries. The coefficients on RCAL and IsRCAL are still insignificant;

they even have a negative sign.

Therefore, I find no support for the vertical upgrading hypothesis, which has impor-

tant implication for development strategies. Consider that a developing country aims to

gain a comparative advantages in medium- or high-skilled tasks in a particular industry.

A common believed strategy is that the country may first participate in the tasks that

they currently have a comparative advantage in, i.e. those low-skilled tasks, and then

it can further develop the comparative advantages in the higher-skilled tasks through

channels like learning by doing and knowledge transfers. However, the outcome in table

4.4-II suggests this strategy may fail; after the country obtains a comparative advantage

in the low-skilled task, it does not seem to help the development of higher-skilled ones.

Table 4.5: Regression Results for Alternative Specifications

All RCA95 < 1 RCA Growth> 0.25 Changes in RCA

(6) MEF (7) MEF (8) (9)

φ̃x,i 3.523 0.352 3.102 0.821 0.617 1.498
[0.514] [0.056] [0.451] [0.119] [0.085] [0.202]

Potential95 1.610 0.161 1.336 0.354 0.266 0.842
[0.180] [0.017] [0.131] [0.032] [0.017] [0.041]

RCA95 3.060 0.306 0.996 0.264 0.009 -0.667
[0.190] [0.025] [0.117] [0.046] [0.031] [0.076]

Const. -3.568 -1.724 0.004 0.148
[0.171] [0.109] [0.017] [0.042]

R2 0.307 0.125 0.167 0.261

Obs. 2024 1646 1630 1583

# Positive 271 (13.4%) 368 (22.4%) - -

Notes: Standard errors are reported in square brackets. Specification (6) and (7) are probit regressions; MEF is the associated
marginal effect evaluated at the mean, using the delta method, and “# Positive” indicates the number of observations with a
dependent variable equal one in the probit regression. Column (6) is the replication of (1) but include all observations with
RCA95 < 1. The dependent variable in specification (7) is a dummy indicating whether the RCA of the task has increased by
more than 0.25. Specification (8) and (9) are OLS regressions using RCA09 −RCA95 and ln(RCA09)− ln(RCA95) as dependent
variables, respectively. The observations in (8) and (9) are trimmed to be within the 0.5 to 99.5 percentile in their dependent

variable to control for outliers. Column (6) and (7) report pseudo-R2; (8) and (9) report adjusted R2. Note that the number of
observation differs in (8) and (9), this is because the dependent variable in (9) is not well defined if a task does not exist in a
country in either 1995 or 2009 (i.e. RCA=0).

To check the robustness of my findings that the proximity to the current export

structure predicts future comparative advantages, in table 4.5 I perform regressions using

15A Wald test has been performed to check whether all coefficients in (1) and (4a) are jointly equal.
The Wald statistic is 2.76 with a p-value of 0.598.
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several alternative specifications. Column (6) includes all observations that have an

initial RCA95 < 1, and column (7) investigates the probability that the RCA value of

a task has grown more than 0.25 between 1995 and 2009. The values of coefficients are

not comparable with the baseline specification due to the different sample coverage and

regression criteria, but in all cases of φ̃i,x is significant and the marginal effects are large

in magnitude.16 In column (8) and (9) I perform OLS regression on the changes in RCA

between 1995 and 2009. The dependent variable in (8) is the difference RCA09−RCA95,

and in (9) the relative growth of RCA, ln(RCA09/RCA95). There are a few observations

with extreme changes in their RCA indices, so I exclude these outliers and only include the

observations whose change in RCA is within the 0.5 to 99.5 percentile. Both specifications

show that a task’s proximity to export structure positively correlates with the growth in

its RCA index, which confirms my hypothesis.

Lastly, there are potential validity and endogeneity concerns on the core explanatory

variable, i.e. the proximity measure φ̃i,x. Note that φ̃i,x is constructed using the related-

ness index which is ultimately based on the pooled RCA values from 1995 to 2009. The

“pooled” relatedness can be invalid and meaningless for the regression if the structure

of task relatedness changed substantially during the time period, and φ̃i,x is not fully

exogenous since the dependent variable is determined by changes in RCAs. The validity

of the pooled task space is justified since the structure of task space remains quite stable

during the 15-year period examined here (see appendix for details). And to exclude the

possibility of endogeneity, I derive a new set of bilateral relatedness indices φ95−99
y→x , by

pooling only the RCAs from the first five years from 1995 to 1999. Then I construct

the explanatory variables φ̃∗
i,x using the new relatedness index φ95−99

y→x together with the

export structure in 2000. In appendix table A.4 and A.5 I replicate all regressions above

but now analyse the development of new comparative advantages from 2000 to 2009,

which does not have overlap in time with the construction of the new explantory vari-

ables. Since the time period becomes shorter when we only consider 2000 to 2009, the

propensity in gaining a comparative advantage is smaller which makes the coefficients

less significant and the marginal effects smaller compared to the baseline regressions.

But the coefficient for φ̃∗
i,x is positive in all cases, and in most cases also statistically

significant.

4.7 Concluding Remarks and the Implications on De-

velopment Strategies

This paper investigates the relatedness between different tasks in a world where offshoring

is pervasive and comparative advantage is realised at the task level. Using world input-

output tables, I control for trade in intermediate inputs and derive revealed comparative

advantages (RCAs) of tasks based on value-added exports (VAE). I follow the method-

ology as in Hidalgo et al. (2007) and derive my task space, i.e. the bilateral relatedness

between each pair of tasks defined as the conditional probability that a country has a

comparative advantage in both tasks.

16For instance, a one standard deviation increase in φ̃i,x is associated with a 0.821∗8 = 7.16 percentage
points higher probability that the RCA of an underdeveloped task increases at least 0.25.
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I find in the analysis that, in general, tasks are more closely related to other tasks at

the same skill level, rather than to other tasks in the same industry. This is especially

the case for low-skilled tasks as is evident from figure 4.3 and 4.4. The tight relatedness

across low-skilled tasks in almost all industries indicates the horizontal upgrading, i.e.

shift of low-skilled employment into new tasks with a higher economic potential, is likely

to take place. On the other hand, in the manufacturing sectors the relatedness between

low- and higher-skilled tasks is rather weak even for tasks within the same industry, with

the textile and shoes industries as the only exceptions. Therefore developing countries

may face a high difficulty in entering many medium- and high-skilled tasks; vertical

upgrading is unlikely to take place especially in the GVCs of sophisticated products like

electronics and automobile. Interestingly, in service sectors I find that medium- and high-

skilled tasks in utilities, and trade and logistics related services are highly related to not

only the low-skilled tasks within these sectors, but also other low-skilled manufacturing

tasks. It suggests an important complementarity between manufacturing and trade, and

high-skilled tasks in pro-trade services sectors may develop when the country is still at

an early stage of development.

I investigate the actual structural change paths of different types of countries over

the period from 1995 to 2009. I find that in non-European developing countries, the

new comparative advantages emerged mostly in the low-skilled tasks of sophisticated

manufacturing sectors, and the structural change pattern of these countries can be de-

scribed as a process of horizontal upgrading. In China, the most rapidly growing tasks

are mainly low-skilled tasks in machinery, electronics, and automobile industries, which

is similar to other non-European developing countries. China has also experienced verti-

cal upgrading in some trade supporting services, but not in sophisticated manufacturing.

Eastern-European countries seem to outperform other developing countries; they have

undergone rapid development in some medium- and high-skilled manufacturing tasks

that are predicted to be hard to enter.

I tested my task space against the actual structural change paths for 40 countries

from 1995 to 2009 using a set of probit regressions. The econometric analyses confirm

that new comparative advantages are more likely to develop in tasks that have strong

proximity to the country’s current comparative advantage. However, I find no support

for vertical upgrading; having a comparative advantage in a low-skilled task is not related

to an increase in the probability that higher-skilled tasks in the same industry develop.

In other words, this result predicts that the participation in low-skilled tasks in GVCs

does not help developing countries to climb up the value chain.

The findings in this paper have important implications for development strategies and

it is related to a long-standing debate concerning whether a developing country should

follow or defy its current comparative advantages in order to have successful structural

change (see, e.g. Lin and Chang 2009). Lin and Monga (2011) argue that a developing

country should not aim at too far-out targets in the beginning, but should instead stick

to the current comparative advantages in low-skilled labour and try to find the industries

where they have a “latent comparative advantage”. They also argue that the government

should not have strong distortive industrial policies, but instead play a role in information

and infrastructure provision. This strategy is partially supported by the outcome from

this paper, but my task space also shows several potential challenges from a global value
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chain perspective.

My result supports the argument that at an an early stage of development a coun-

try should not defy its current comparative advantage, which is in the abundance of

low-skilled labour. Low-skilled tasks in different industries show a large heterogeneity

in terms of their potential for economic growth. Some low-skilled tasks, especially those

in sophisticated products’ GVCs, have a much higher economic potential than the low-

skilled tasks in agriculture and light industries like textile, shoes and food manufacturing.

The PRODY of low-skilled tasks is around $20,000 in automobile, machinery, and elec-

tronics industries compared with $10,000 in textile and agriculture. Since all kinds of

low-skilled tasks are closely related, the horizontal upgrading from traditional industries

towards low-skilled tasks in sophisticated global value chains is therefore a strategy which

is relatively easy to achieve and should bring substantial gains to the economy.

In the long-run, the country must vertically upgrade in order to achieve further devel-

opment. Similar to Taglioni and Winkler (2016), I find that participation in GVCs and

the upgrading through GVCs are two very different processes; and the latter does not

seem to be automatic. My task space network (i.e. figure 4.5) shows that higher-skilled

tasks in the GVCs of sophisticated products are very difficult to enter, and the regression

analysis further confirms that participation in low-skilled tasks of GVCs does not per se

increase the probability of vertical upgrading. A country might instead be trapped in the

low-skilled tasks due to the lack of relatedness with higher-skilled tasks in the value chain.

This echoes the findings by Jarreau and Poncet (2012) and Lemoine and Ünal-Kesenci

(2004) regarding the role of processing trade in China’s economic growth. Jarreau and

Poncet (2012) show that regions that participate in the production of sophisticated goods

indeed grow faster. However, the contribution to economic growth originates only from

ordinary firms who perform most production stages domestically. Foreign firms and the

domestic firms that only process imported intermediates have neither direct nor indirect

effect on growth. Lemoine and Ünal-Kesenci (2004) focus on the electronics industry

and they find that imported foreign technology has improved the competitiveness of pro-

cessing exporters and helped China’s export upgrading, but there is little technology

diffusion that helps other Chinese firms; the gains from foreign technology are rather

limited.

The difficulty in vertical upgrading suggests that a country must be careful in choosing

which kind of value chain it is going to enter. Reallocating low-skilled employment

towards the GVCs of sophisticated products will generate gains to the economy because

their economic potentials are higher than other low-skilled tasks in agriculture and light

industries. However, the gain is possibly once-off and there is no guarantee for further

vertical upgrading. Before participating in a certain GVC, the policy makers should think

whether higher-skilled tasks in that GVC will have high proximity with the economic

structure of the country in the near future. This is in analogy with the identification of

latent comparative advantage as in Lin and Monga (2011), who suggest that the policy

makers should look at a model country which is rapidly growing, has around 100% higher

GDP per capita, and had a similar socio-economic structure in the past. And then the

latent comparative advantage should be found in a list of tradable products or services

which the model country has produced for around 20 years.
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However, it is uncertain whether this imitation strategy remains valid under the recent

wave of offshoring and production fragmentation. First, the organization of production

has drastically changed during past decades due to offshoring and technological change.

The way a product is currently produced can be very different from 20 years ago; the pro-

duction of the same product (or service) may entail completely different tasks which do

not necessarily fit the current socio-economic conditions of the country. Second, my task

space echoes Baldwin (2013) who states that joining a value chain is a quicker way for

industrialisation when offshoring is feasible, but it is questionable whether such “indus-

trialisation” is meaningful. When the division of tasks in a GVC can be finely specialised

and unbundled across borders, multinational companies minimize their production costs

by re-organizing the production processes such that the offshored tasks are specially de-

signed to fit the conditions in the host country. On the one hand it means that when

a host country aims in entering a particular GVC, it may always find some tasks that

are specially designed for it, such that the country faces less obstacles in participating.

However on the other hand, the name and feature of the products become less meaningful

for the host country’s future development. The offshored tasks are usually standardized

due to the finer task specialisation and contain less product-specific core technologies.

And tasks that are actually carried out can be similar in very different products, for in-

stance assembling a phone is not that different from assembling a pencil sharper. Tasks

in more sophisticated products may end up in even less opportunities for learning which

leads to a lower relatedness to the low-skilled tasks in the value chain. Sewing machine

operators in a textile firm may gradually gain the experience on how Italians design their

cloths, but the assemblers of smart phones will have nearly no chance nor capability to

understand how Americans and Japanese make their chips.

As a final remark, this study has two major limitations. First, a task is defined as

the activities in an industry that are performed by a particular type of labour. This

is an educational attainment based measure which is silent on the type of skill a task

requires (math, communication, body strength,etc), and it is possible that higher-skilled

labour perform tasks that actually only require a lower level of skill. A better definition

of a task could be, for example, the exact occupations of workers. However, data on the

occupation structure by industry are currently not available for many countries, so in

this paper I stick to the educational attainment measure. Secondly, the WIOD database

covers a limited set of developing countries, most of which were relatively successful in

development during the past decades. It is therefore uncertain whether the structure of

my task space is the same for other developing countries at a lower level of development.

The limited coverage of developing countries also forces me to limit the scope of econo-

metric tests in the direction of new comparative advantages, while a more interesting

research question would be why some country successfully upgrade and why others not.

To test the role of task relatedness in the successfulness of (overall) structural upgrading

and long-run economic growth, longer time-series data are needed that should cover a

much wider set of developing countries, including both successful and stagnating ones.
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Table A.1: Industry and Task Code List

ISIC.Rev3 Sector

Skill Level
Low Medium High

AtB: Agriculture, Hunting, Forestry and Fishing 1 29 57

C: Mining and Quarrying 2 30 58

15t16: Food, Beverages and Tobacco 3 31 59

17t18: Textiles and Textile Products 4 32 60

19: Leather, Leather Products and Footwear 5 33 61

20: Wood and Products of Wood and Cork 6 34 62

21t22: Pulp, Paper, Printing and Publishing 7 35 63

23: Coke, Refined Petroleum and Nuclear Fuel 8 36 64

24: Chemicals and Chemical Products 9 37 65

25: Rubber and Plastic 10 38 66

26: Other Non-Metallic Mineral 11 39 67

27t28: Basic Metals and Fabricated Metal 12 40 68

29: Machinery, Not elsewhere classified 13 41 69

30t33: Electrical and Optical Equipment 14 42 70

34t35: Transport Equipment 15 43 71

36t37: Manufacturing, Not elsewhere classified; Recycling 16 44 72

E: Electricity, Gas and Water Supply 17 45 73

F: Construction 18 46 74

50: Sale and Repair of Motor Vehicles and Motorcycles; Retail Sale of Fuel 19 47 75

51: Wholesale Trade, Except of Motor Vehicles and Motorcycles 20 48 76

52: Retail Trade and Repair, Except of Motor Vehicles and Motorcycles 21 49 77

60: Inland Transport 22 50 78

61: Water Transport 23 51 79

62: Air Transport 24 52 80

64: Post and Telecommunication 25 53 81

J: Financial Intermediation 26 54 82

70: Real Estate Activities 27 55 83

71t74: Renting of Machinery & Equipment and Other Business Services 28 56 84
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Table A.2: Chinese Employment in Each Task, 1995 and 2009 (billion working hours)

1995 2009 Chg. in

L M H %MH L M H %MH %MH

Agriculture 488.3 18.16 0.28 3.64 442.8 26.53 0.12 5.68 2.04

Mining 16.04 9.91 0.28 38.85 13.71 11.45 0.94 47.48 8.63

Food Manufacturing 13.28 8.61 0.39 40.39 18.77 14.24 1.40 45.47 5.08

Textile 25.41 9.69 0.20 28.02 34.43 15.38 0.70 31.83 3.81

Leather Products 4.38 1.34 0.02 23.68 10.72 3.82 0.15 27.07 3.39

Furniture 5.11 1.92 0.05 27.82 12.89 5.68 0.30 31.68 3.87

Paper and Publishing 5.77 3.53 0.11 38.66 13.33 9.55 0.62 43.28 4.63

Refinery 0.95 1.02 0.07 53.16 1.12 1.39 0.20 58.81 5.64

Chemistry 8.51 7.73 0.55 49.28 11.39 12.11 1.87 55.09 5.81

Rubber and Plastic 6.70 3.43 0.11 34.60 15.03 9.02 0.64 39.12 4.52

Non-metal Minerals 21.13 8.02 0.21 28.02 16.23 7.21 0.41 31.96 3.93

Metal 13.64 9.16 0.45 41.33 15.24 11.98 1.28 46.54 5.21

Machinary 13.05 9.91 0.60 44.62 16.03 14.25 1.89 50.19 5.57

Electronics 8.67 7.56 0.63 48.57 21.78 22.24 4.02 54.67 6.10

Automobile 5.34 5.20 0.35 50.95 6.86 7.81 1.16 56.68 5.73

Other Manufacturing 13.69 5.12 0.14 27.76 12.26 5.36 0.33 31.72 3.96

Utility 2.24 3.61 0.35 63.91 2.25 6.12 1.58 77.37 13.45

Construction 50.44 28.05 1.25 36.74 75.45 51.45 4.17 42.44 5.69

Sale of Automobile n.a. n.a. n.a. n.a n.a. n.a. n.a. n.a. n.a.

Wholesaling 8.06 13.57 1.41 65.03 6.64 18.84 5.53 78.59 13.56

Retailing 21.80 38.16 2.01 64.82 19.01 56.05 8.35 77.21 12.39

Inland Transport 14.10 14.82 0.49 52.05 20.38 24.28 1.94 56.27 4.21

Water Transport 1.91 1.54 0.13 46.66 2.40 2.20 0.45 52.40 5.74

Air Transport 0.20 0.77 0.19 82.54 0.32 1.36 0.83 87.34 4.80

Post and Communication 1.32 5.88 1.51 84.89 1.57 7.95 4.96 89.15 4.27

Finance 0.13 5.40 0.58 97.84 0.18 7.14 2.33 98.12 0.28

Real Estate 0.88 0.96 0.12 55.34 1.72 1.48 0.31 51.04 -4.29

Business Services 3.10 3.67 0.99 60.05 2.90 2.95 1.86 62.36 2.31

All 754.18 226.74 13.47 24.16 795.39 357.86 48.35 33.81 9.65

Source: Socio-economic Account (SEA) in the WIOD dataset. L, M, H stands for the low-, medium- and
high-skilled tasks in each industry. Columns “%MH” are the shares of medium- and high-skill labour in total
industrial employment. The last column compares the changes in medium- and high-skilled labour shares
between 1995 and 2009.
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The Stability of Task Space Across Different Time Periods

The relatedness indices can be derived separately for each year in principle, but

in this paper I follow Hidalgo et al. (2007) and use a “pooled” relatedness by taking

the average of relatedness indices across 1995 to 2009. To justify this choice, I first

explore the stability of my task space. I divide the 15 years into three five-year periods,

and derive three sets of task spaces based on the data within each period. Table A.3

reports the correlations between task spaces of different years; the upper panel reports

Pearson correlation (i.e. the conventional correlation) and the lower panel reports the

Spearman’s rank-order correlation. The task space is changing but the structure is

relatively consistent over time. The correlation between two consecutive five-year periods

is higher than 0.9, which is a bit higher than the correlation of product space reported in

Hidalgo et al. (2007) and Neffke et al. (2008). The correlation between a single period’s

task space and the pooled task space for the whole period is also around 0.9. Given

this high stability of the task space, it is therefore safe to assume that the structure

of relatedness between tasks stays constant over the whole period, represented by the

pooled task space using data for all years.

Table A.3: Stablity of the Task Space across Different Years

Pearson Correlation 95-99 00-04 04-09 95-09

95-99 1 0.7998

00-04 0.9263 1 0.8295

04-09 0.8407 0.9173 1 0.8074

Rank Order Corr. 95-99 00-04 04-09 95-09

95-99 1 0.8801

00-04 0.9190 1 0.9104

04-09 0.8273 0.9099 1 0.8804
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Table A.4: Regression Results (Robustness Checks)

I - Main Results

Baseline Use φmax
x Both Symmetric Relatedness Developing Econ

(1) MEF (1a) (1b) (2) MEF (3) MEF

φ̃∗
x,i 2.350 0.075 2.950 3.153 0.099 1.439 0.067

[0.783] [0.028] [1.006] [0.932] [0.034] [0.939] [0.045]

φmax
x,i 0.519 -0.621

[0.508] [0.652]

Potential00 1.083 0.035 1.095 1.014 1.051 0.033 0.757 0.035
[0.239] [0.009] [0.245] [0.248] [0.238] [0.008] [0.278] [0.013]

RCA00 3.321 0.106 3.295 3.410 3.336 0.104 3.735 0.173
[0.417] [0.019] [0.423] [0.429] [0.418] [0.019] [0.521] [0.034]

Const. -3.739 -3.630 -3.498 -3.833 -3.602
[0.281] [0.370] [0.373] [0.290] [0.340]

R2 0.222 0.208 0.223 0.225 0.242

Obs. 1584 1584 1584 1584 814

# Positive 68 (4.3%) 68 68 68 46 (5.7%)

II - Testing Vertical Upgrading

M&H Tasks, All Observations M&H Tasks, Developing Countries

(4a) (4b) (4c) (4d) (5a) (5b) (5c) (5d)

φ̃x,i 2.486 2.326 2.509 0.958 0.506 1.204
[0.985] [1.009] [0.989] [1.236] [1.324] [1.273]

Potential00 1.800 1.673 1.847 1.661 1.409 1.169 1.601 1.465
[0.400] [0.430] [0.428] [0.419] [0.556] [0.597] [0.610] [0.594]

RCA00 3.611 3.538 3.639 3.665 4.027 3.930 4.096 4.102
[0.508] [0.516] [0.517] [0.514] [0.653] [0.660] [0.663] [0.661]

RCAL 0.041 0.065
[0.052] [0.061]

IsRCAL -0.049 -0.021 -0.178 -0.128
[0.163] [0.162] [0.224] [0.218]

Const. -4.065 -4.035 -4.070 -3.634 -3.830 -3.739 -3.887 3.663
[0.368] [0.369] [0.369] [0.313] [0.482] [0.487] [0.492] [0.422]

R2 0.215 0.216 0.216 0.200 0.229 0.232 0.231 0.227

Obs. 1025 512

# Positive 53 (5.2%) 35 (6.8%)

Notes: Replication of the specifications in Table 4.4. The proximity indicator φ̃∗

x,i
is constructed from the relatedness based on

the year 1995 to 1999, and the economic structure in year 2000. The dependent variable is a dummy indicating whether a task
with RCA lower than 0.75 in 2000 has gained a comparative advantage in 2009. The dependent variables is a dummy indicating
whether a task with RCA lower than 0.75 in 2000 has gained a comparative advantage in 2009.
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Table A.5: Regression Results for Alternative Specifications (Robustness Check)

All RCA00 < 1 RCA Growth> 0.25 Changes in RCA

(6) MEF (7) MEF (8) (9)

φ̃∗
x,i 1.851 0.119 2.370 0.387 0.134 0.217

[0.584] [0.039] [0.521] [0.085] [0.065] [0.181]

Potential00 1.302 0.084 1.415 0.231 0.179 0.557
[0.189] [0.013] [0.160] [0.022] [0.012] [0.034]

RCA00 3.169 0.204 1.308 0.214 -0.053 -0.413
[0.225] [0.022] [0.213] [0.034] [0.023] [0.065]

Const. -3.598 -2.091 0.051 0.181
[0.198] [0.135] [0.013] [0.037]

R2 0.290 0.126 0.122 0.165

Obs. 1990 1584 1570 1529

# Positive 190 (9.6%) 208 (13.2%) - -

Notes: Replication of specifications in table 4.5. The proximity indicator φ̃∗

x,i
is constructed from the relatedness based on the

year 1995 to 1999, and the economic structure in year 2000. The dependent variable is similar as in table 4.5 but based on the
changes between 2009 and 2000 (instead of 1995).
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Krusell, Per, Lee E. Ohanian, José-Vı́ctor Rı́os-Rull, and Giovanni L. Violante. 2000.

“Capital-skill complementarity and inequality: a macroeconomic analysis.” Econo-

metrica 68 (5): 1029–1053.

Lai, Huiwen, and Susan Chun Zhu. 2007. “Technology, endowments, and the factor con-

tent of bilateral trade.” Journal of International Economics 71 (2): 389–409.
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Samenvatting (Summary in Dutch)

Wij importeren veel goederen uit allerlei landen in de wereld: auto’s uit Japan en

Duitsland, kledingen en elektronica uit Azië, wijnen uit Zuid-Europa, ananassen en

bananen uit Centraal-Amerika, etcetera. Minder bekend is dat van veel producten het

productieproces tegenwoordig over meerdere landen is uitgespreid. In dit proefschrift

bestudeer ik mondiale waardeketens en de invloed ervan op internationale handel,

de arbeidsmarkt, en economische ontwikkeling. Een mondiale waardeketen houdt in

dat de verschillende taken, nodig voor het vervaardigen van een product, worden

opgesplitst en uitgevoerd in meerdere landen. Neem bijvoorbeeld de iPhone. Deze

is ontworpen door Apple in de VS. Ook de iOS is door Apple ontwikkeld. Maar

de elektronische chips en andere componenten worden geleverd door een groot aantal

binnenlandse en buitenlandse bedrijven zoals Broadcom uit de VS, Samsung uit Zuid-

Korea, en Toshiba uit Japan. Alle componenten worden verzonden naar de vestigingen

van Foxconn in China om de iPhones aldaar te assembleren.

Dergelijke geglobaliseerde productieprocessen waren vroeger ondenkbaar. De goed-

eren die internationaal verhandeld werden waren meestal waardevolle eindproducten

vanwege de hoge transactiekosten. Internationaal transport was kostbaar en langzaam.

Grensoverschrijdende coördinatie van een productieproces was nagenoeg onmogelijk

omdat tijdige communicatie over lange afstanden in de meeste gevallen niet mogelijk

was. Meestal werden producten in z’n geheel gemaakt en verkocht binnen een land.

Goederen waarin internationale gehandeld werd, zoals kruiden, thee en wapens, waren

vaak duur. Mondiale waardeketens bestonden alleen voor legendarische producten

waarvoor consumenten een zeer hoge prijs wilden betalen. Denk bijvoorbeeld aan de

Damaststaal zwaarden die gemaakt werden in het Midden-Oosten uit ijzeren blokken

die per zeilboot uit India werden gëımporteerd. Het proces was duur en kostte veel

tijd, maar er was geen andere mogelijkhed. Het ijzererts dat gebruikt werd was

zeer speciaal en kwam alleen in sommige Indiase mijnen voor. Slechts een paar

ambachtsmannen in het Midden-Oosten wisten het geheim om dit ijzer te verwerken

tot Damaststaal zwaarden.

Maar alles is veranderd met nieuwe technologische ontwikkelingen op het gebied

van logistiek en informatie en (tele)communicatie. Met apps op een smartphone is

het tegenwoordig gemakkelijk en bijna kostenloos om real-time contact op te nemen

met een zakenpartner die aan de andere kant van de aarde woont. Producten worden

meestal binnen één of twee weken in vrijwel elke plaats ter wereld bezorgd, of met

spoed, binnen twee dagen. Dankzij de dalende kosten van vervoer en communicatie

wordt een toenemend aantal producten gemaakt in mondiale waardeketens. Als de

vervoerskosten lager zijn dan het prijsverschil of loonverschil tussen Nederland en

China, is het logisch en profijtelijk om bepaalde tussenproducten uit China te im-

porteren en bepaalde productietaken aan China uit te besteden – na een avontuur over

de aarde wordt het productieproces toch goedkoper dan wanneer alles in Nederland

gebeurt. Het is nu heel gewoon dat een Europeaanse fabriek Chinees staal gebruikt

in plaats van Duits of Zweeds staal. Er is niets speciaal aan Chinees staal behalve

de prijs. Een Chinese fabriek kan ook Duits staal gebruiken om de kwaliteit van zijn

premium producten te garanderen en/of te signaleren. De “Made in Germany” auto’s

van Varkentje Rrrund!
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maken gebruik van veel onderdelen uit Tsjechië, China en andere landen. Een nieuw

overhemd is mogelijk ontworpen door een Italiaanse of Franse modeontwerper. De

textiel is in China vervaardigd uit Egyptisch katoen. En het overhemd is uiteindelijk

in Vietnam of Cambodja gefabriceerd. “Onze” Hollandse garnalen zijn langs de

Nederlands kustwateren gevangen, maar een groot aantal is verstuurd naar Marokko

om gepeld te worden voordat zij in de supermarkten verschijnen.

Het organiseren van productieprocessen in mondiale waardeketens is sterk toe-

genomen in de afgelopen jaren, maar niet alle economische theorieën zijn goed voor-

bereid op deze veranderingen. Een groot aantal economische modellen is ontwor-

pen ten tijde dat geglobaliseerde productie niet belangrijk was. Vaak wordt in

deze modellen aangenomen dat alle productieprocessen in één land zijn uitgevoerd,

gebruikmakend van alleen binnenlandse productiefactoren. Dit is onjuist wanneer

tussenproducten uit allerlei landen worden gëımporteerd en productietaken in ver-

schillende landen plaats vinden. Soms kan een directe toepassing van huidige the-

orieën merkwaardige resultaten opleveren. In dit proefscript betoog ik dat we onze

standpunten moeten aanpassen om het in overeenstemming te brengen met het nieuw

paradigma van geglobaliseerde productie.

Neo-klassieke handelstheorie voorspelt bijvoorbeeld dat het patroon van interna-

tionale handel verklaart kan worden door te kijken naar verschillen in de relatieve

beschikbaarheid van productiefactoren tussen landen. Een land dat relatief veel

laaggeschoolde arbeid heeft specialiseert zich in laaggeschoolde arbeidsintensieve pro-

ducten zoals kleding. Een land dat relatief veel technologische kennis heeft spe-

cialiseert zich in technologie-intensieve producten zoals elektronica. Maar als iemand

naar de geëxporteerde producten van landen kijkt is het zeer opvallend dat China

meer elektronica exporteert naar de VS dan omgekeerd. Betekent dit dat neo-klassieke

theorieën nutteloos zijn geworden? Of is de VS nu echt niet meer zo “Great”? In

hoofdstuk 2 betoog ik dat een geëxporteerd product geen geschikt uitgangspunt meer

vormt om neo-klassieke theorieën te toetsen en dat het beter is om te kijken naar

de handelsstromen van productiefactoren die gemoeid zijn met het uitvoeren van

bepaalde activiteiten.

Als uitbesteding van taken mogelijk is, worden de comparatieve voordelen van

een land niet gerealiseerd in (eind-)producten, maar in bepaalde taken van het pro-

ductieproces. Hoogopgeleide arbeiders in ontwikkelde landen kunnen participeren in

de hooggeschoolde taken van “low-tech” goederen, zoals ontwerp, voorraadbeheer en

marketing van kledingen en schoenen. Laaggeschoolde werknemers in ontwikkelings-

landen kunnen ook meedoen met eenvoudige taken in de mondiale waardeketens van

geavanceerde producten, zoals de assemblage van iPhones. Er is dus een verkeerde

verbinding tussen de labeling van geëxporteerd producten en de taken die het land

uitvoert om het product te exporteren. Maar doordat bepaalde taken door bepaalde

productiefactoren moeten uitgevoerd worden, is de export van productiefactoren nog

steeds direct gekoppeld aan de daadwerkelijke economische activiteiten die plaats-

vinden in een land. Daardoor is het analyseren van handel in productiefactoren wel

verenigbaar met geglobaliseerde productie.

In hoofdstuk 2 bereken ik een nieuwe maatstaf voor de export van vier produc-
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tiefactoren (kapitaal en laag-, gemiddeld-, en hoog-opgeleide arbeiders). Ik maak

gebruik van een nieuwe definitie waarbij de verhandelde productiefactor tussen twee

landen de waarde is die wordt toegevoegd door de taken uitgevoerd door een bepaalde

factor in een land, welke uiteindelijk geabsorbeerd worden in het eindverbruik in

het andere land. Ik vind dat het patroon van handel in productiefactoren nauw

samenhangt met de relatieve beschikbaarheid van productiefactoren. Dus de neo-

klassieke handelstheorie blijft geldig maar we dienen met een nieuwe perspectief naar

de handelsdata te kijken.

Hoofdstuk 3 analyseert de effecten van uitbesteding en technologische verandering

op de vraag naar arbeid en ongelijkheid. In bijna alle ontwikkelde landen worden meer

banen voor hoogopgeleide arbeiders gegenereerd, maar is de vraag naar laagopgeleiden

gedaald. Er is ook een steeds grotere ongelijkheid tussen hoog- en laag-opgeleide

banen en tussen arbeid en kapitaal. Twee belangrijk oorzaken worden veelvuldig

genoemd in recent onderzoek. Ten eerste zijn veel laaggeschoolde taken uitbesteed

aan ontwikkelingslanden die een comparatief voordeel hebben in het uitvoeren van

taken door laaggeschoolde arbeiders. Dit leidt tot lagere kosten, maar ook het verlies

van laaggeschoolde banen in ontwikkelde landen. Een andere oorzaak is technologische

verandering. Sommige nieuwe technologieën, zoals automatisering van routinematige

taken, hebben ongelijke effecten op arbeid en inkomen wanneer routinematige taken

relatief veel gedaan worden door bepaalde productiefactoren. Denk bijvoorbeel aan

de ontwikkeling van computers en robots die veel taken van laag- en gemiddeld-

geschoolde werknemers hebben overgenomen. De consensus in de literatuur is dat

beide oorzaken substantiële effecten hebben, maar er is nog geen onderzoek die het

relatieve belang van uitbesteding en automatisering tegelijk en op een consistente

manier evalueert. Het huidige onderzoek richt zich vooral op het analyseren van

de vraag naar banen in de binnenlandse markt, en vaak wordt een regressieanalyse

uitgevoerd die gebruik maakt van indices van uitbesteding en automatisering. In dit

type onderzoek is het moeilijk om de twee effecten te onderscheiden, omdat de indices

van uitbesteding en automatisering vaak sterk gecorreleerd zijn. Investeringen in

informatie- en communicatietechnologie (ICT) worden gebruikt voor het analyseren

van het effect van automatisering, maar dergelijke investeringen kunnen ook het

uitbesteden van activiteiten vergemakkelijken, bijvoorbeeld door de boekhouding te

digitaliseren en het naar China te sturen. Het resultaat is dus niet altijd stabiel en

hangt af van de indices die gebruikt worden.

We introduceren een nieuwe methode om de effecten van uitbesteding en tech-

nologie preciezer te identificeren. We kijken niet naar de binnenlandse vraag naar

productiefactoren, maar naar de totale hoeveelheid van productiefactoren die gebruikt

worden in de modiale waardeketen van een product. Ter illustratie, veronderstel dat

een productieproces uit een laaggeschoolde en een hooggeschoolde taak bestaat. Als

de laaggeschoolde taak uitbesteed wordt, verdwijnt de laaggeschoolde arbeidsvraag

uit de binnenlandse markt. Het is echt niet spoorloos, want de taak wordt door

een ander land uitgevoerd waar de gewerkte uren verschijnen. De totale hoeveel-

heid van benodige productiefactoren is dus onveranderd na uitbesteding. Maar als

de laaggeschoolde taak geautomatiseerd is door de nieuwe technologie, worden de

laaggeschoolde banen niet meer ergens anders aangetroffen. We traceren de structuur

van uitbesteding en het aantal factoren dat gebruikt is in het productieproces van de
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eindproducten in elk land en industrie met behulp van multi-regionale input-output

data. Hierdoor kunnen wij in een eerste stap het effect van uitbesteding evalueren. In

de tweede stap schatten we de productiefunctie van eindproducten en het effect van

automatisering op basis van de totale hoeveelheid productiefactoren in elke mondiale

waardeketen, die dus niet bëınvloedt wordt door uitbesteding. We vinden dat beide

oorzaken een kwantitatief vergelijkbaar effect hebben.

Hoofdstuk 4 gaat over structurele verandering en economische ontwikkeling. Eco-

nomen zien structurele verandering als een proces waarin arbeid herverdeeld wordt

over verschillende sectoren, van landbouw naar industrie, van lichte industrieën naar

geavanceerd industrieën en van industrie naar diensten. Dit perspectief gaat uit

van de veronderstelling dat de naam van de sector een goede omschrijving is van

de economische activiteiten die plaats vinden. Echter, zoals hierboven al vermeld,

wanneer uitbesteding mogelijk is specialiseert elk land zich in bepaalde taken in

plaats van in producten of industrieën. De taken in een industrie kunnen heel

verschillend zijn, en met geglobaliseerde productie is het daarom nodig om twee

soorten structurele verandering te onderscheiden. Horizontale structurele verbetering

houdt in dat een ontwikkelingsland in meer mondiale waardeketens gaat participeren

waarbij laaggeschoolde arbeid voor vergelijkbare activiteiten in verschillende produc-

tieprocessen wordt ingezet. Bijvoorbeeld laten textielarbeiders nu elektronica assem-

bleren. Verticale structurele verbetering betekent dat binnen een industrie andere

taken worden overgenomen, bijvoorbeeld een upgrading van assemblage naar ontwerp

binnen de elektronica-industrie. Hoe upgraden ontwikkelingslanden in geglobaliseerde

productieprocessen? Wat is de waarschijnlijkheid en hoe moeilijk zijn deze twee

soorten structurele verandering? Onze kennis over deze onderwerpen is nog beperkt.

Om deze vragen te kunnen beantwoorden onderzoek ik de gerelateerdheid van

productiestaken in verschillende industrieën. Een “taak” kan zijn de activiteiten uit-

gevoerd door laaggeschoolden in de elektronica-industrie, of activiteiten door hoog-

geschoolden in de textielindustrie. De gerelateerdheid van twee taken is berekend op

basis van de waarschijnlijkheid dat een land een comparatief voordeel heeft in beide

taken. Met behulp van deze index van gerelateerdheid construeer ik een netwerk

van productietaken waarmee ik potentiële routes van structurele verandering kan

bestuderen. Ik vind dat allerlei laaggeschoolde taken vergelijkbaar met elkaar zijn,

maar dat de gerelateerdheid tussen laaggeschoolde en hooggeschoolde taken laag is.

Dit betekent dat horizontale structurele verbetering makkelijker is voor ontwikkelings-

landen. Maar binnen deze meer geavanceerdere industrieën blijven ontwikkelingslan-

den laaggeschoolde taken uitvoeren, en de kans van verticale structurele verbetering

naar hooggeschoolde taken is laag en niet gegarandeerd. Ontwikkelingsbeleid richt

zich vaak op het stimuleren van bepaalde industrieën. Deze strategie kan mogelijk

niet meer de gewenste resultaten leveren. Als een ontwikkelingsland bijvoorbeeld

in de elektronica-industrie wil participeren, is het mogelijk om met de assemblage

in de mondiale waardeketen van elektronica te beginnen. Maar assemblage is niet

het uiteindelijke doel, en mondiale waardeketens helpen niet of weinig voor verticale

structurele verbetering naar taken zoals ontwerp en de fabricage van elektronische

chips.
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