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Chapter 1 General Introduction 

1.1 Background 

The emergence and development of global value chains (GVCs) have dramatically changed 

the organization of global production in recent decades, making a deep and lasting impact on 

international trade patterns and labor market structures. With the reduction of transportation 

and communication costs, the acceleration of technological improvements, and the fall of 

political and economic barriers to trade, an increasing number of firms now organize 

production activities on a global scale. The production process of goods has been split into 

multiple stages and relocated to various countries. Nowadays, most products are more likely to 

be labelled as “Made in the World” rather than made in a specific country. A variety of terms 

has been used to refer to this phenomenon: “production fragmentation,” “vertical 

specialization,” “foreign outsourcing,” and “offshoring.” The expansion of GVCs is probably 

the most remarkable feature of globalization. 

The prevalence of production fragmentation has boosted the trade of intermediate goods. 

According to UNCTAD 2015, the trade of intermediate goods rose from $4 trillion in 2004 to 

almost $8 trillion in 2014, with an average annual growth rate of 8 percent. The increased trade 

of intermediate goods reflects the fact that GVCs have become more complex. Trade flows can 

be amplified because the value of parts and components that cross national borders multiple 

times for further processing will be counted several times by traditional trade statistics. In 

addition, production activities in many countries are increasingly dependent on imported 

intermediate inputs. There is a growing awareness that traditional trade statistics may not 

accurately capture how a country participates in GVCs. Misleading results may arise because 

traditional trade statistics are designed to measure the gross trade flows of final products, while 

the trade of intermediate goods is now expanding at a faster rate. Different from the traditional 

conceptualizations of international trade, which focus on bilateral transactions that involve only 

two countries (an exporting country and an importing country), production processes within 

GVCs often span more than two countries. 

The performance of firms within GVCs is also a dominant issue in the study of international 

trade. In the real world, the firms directly take part in international trade rather than countries 

and industries. International trade research has begun to put more focus on firms and products 
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than on industries and countries. As a wide range of micro-level data becomes available, it has 

become feasible for empirical studies to investigate the performances of firms within GVCs. 

Many studies find that firms participating in international trade are larger, are more productive, 

are more skill- and capital-intensive, and they pay higher wages than do non-trading firms. 

These empirical findings are explained by the theoretical work of Melitz (2003), who provides 

remarkable insights into firm heterogeneity in international trade, arguing that firms with high 

productivity are more likely to survive and increase their exports. On the other hand, firms with 

low productivity shrink or exit.  

China has increasingly participated in GVCs, and it has been recognized as an important 

manufacturing center and exporter in the world. China’s World Trade Organization (WTO) 

entry in 2001 provided the country with a good opportunity to be integrated into the global 

economy. China has become the largest exporter of goods in the world since 2009. The surging 

trade flows have been accompanied by the upgrading of China’s export structure, with 

increased export shares in electrical machinery products and decreased shares in agricultural 

and apparel products. However, Koopman, Wang, and Wei (2008) document that China’s 

production and exports rely heavily on imported intermediate inputs from other countries. Even 

though China seems to have changed its comparative advantage dramatically on the surface, a 

closer examination reveals that it still specializes in labor-intensive goods (Amiti and Freund 

2008). The production fragmentation is posing new challenges to the analysis of international 

trade in the context of GVCs. Measuring the impacts of China’s participation in GVCs has 

drawn considerable attention in empirical studies. 

In addition, the rise of GVCs affects the labor market. A large body of empirical studies has 

found that international sourcing or imported content has an adverse impact on local labor 

market outcomes (e.g., Feenstra and Hanson 1997). The increased foreign contents embedded 

in the production of GVCs reflect the fact that many multinational firms offshore some 

production activities that were previously performed at home to take advantage of low labor 

costs. These products are subsequently shipped back home in the form of imported intermediate 

inputs. The employment reduction is more pronounced in some sectors that intensively require 

less skilled labor. Recent studies have begun to turn their attention to the effects of imported 

inputs on the skill structure of labor demand. Timmer et al. (2014) find a declined value-added 

share of low-skilled labor and an increased value-added share of high-skilled labor in many 

countries. This trend aligns with the circumstance that firms in advanced countries tend to 

concentrate on skill- and capital-intensive production activities while sending labor-intensive 
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production processes to developing countries. Because less skilled labor-intensive industries 

still account for a large part of industrial activities, offshoring may decrease the demand for 

domestic labor. Nowadays, the prevalence of GVCs has led to an ongoing debate about the 

impact of import competition from developing countries on the labor market of advanced 

countries (e.g., Autor, Dorn and Hanson 2013; Pierce and Schott 2016).  

In brief, GVCs have played an important role in international trade, global production, and 

the labor market. Studying GVCs provides insights into how a country participates in 

international trade and gives us a deeper understanding of the relationship between a firm’s 

performance and the labor market. 

 

1.2 Outline 

The rest of this thesis proceeds as follows. Chapter 2 provides an overview of the emergence 

and development of GVCs and the factors that contribute to the prevalence of GVCs. Previous 

studies have used various empirical approaches to measure how a country participates in GVCs. 

First, using gross trade statistics from the UN Comtrade database, we illustrate the development 

of the electrical machinery industry in East Asia because this industry is a typical example of 

production fragmentation. Second, we explore the status of production fragmentation in 

China’s electrical machinery industry by measuring the exports and imports of intermediate 

goods in electrical machinery industry. Third, case studies of Chinese electronics firms are 

presented. Fourth, we provide an outline of how to apply input–output tables in the measure of 

value-added content in trade. Finally, we summarize how firm-level data are used in the 

previous literature to measure the performance of firms in GVCs.  

Chapter 3 addresses the question of whether the existing evidence based on traditional trade 

statistics describes the actual state of China’s exports. This study measures the domestic value-

added (DVA) of China’s exports following Koopman, Wang, and Wei (2014). Previous studies 

calculate the DVA of exports for specific benchmark years. Using the World Input–Output 

Database, our results reveal the long-run trend in the DVA of China’s exports during the period 

2000–2014. We calculate the DVA share to examine the gap between the DVA and gross 

exports across industries. The result reveals that the DVA share of China’s high technology 

manufacturing exports is lower than that of other industries. The next question this chapter 

addresses is what factors affect the change in the DVA of exports. Recent studies have found 

that the DVA of China’s exports is associated with the substitution of domestic intermediate 
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inputs for imported materials. However, few studies examine the effects of labor and capital 

income on the change in the DVA of exports. This chapter uses structural decomposition 

analysis (SDA) to break down the change in the DVA of China’s exports into nine determinants. 

We find that the increase in the DVA of China’s exports is associated with the substitution of 

labor income for capital income and the growth in labor productivity and wage per person. In 

addition, the SDA result shows that the changes in the DVA of Japanese and US exports are 

associated with the substitution of imported materials for domestic intermediate inputs.  

Chapter 4 addresses the question of how the change in firm-level productivity affects the 

export performance of Chinese firms. Bernard, Redding and Schott (2011) introduce the multi-

product firm model to show that high-productivity firms are more likely to enter the exporting 

market, supply a larger number of products to each market, and serve a wider range of 

destination countries. Is the export performance of Chinese firms consistent with this 

theoretical prediction? We apply the framework of the multi-product firm model to examine 

the relationship between firm-level productivity and the performance of Chinese exporters. The 

total export growth is decomposed into extensive and intensive margins. Specifically, the 

extensive margin of exports includes the number of exported products and export destination 

countries, while the intensive margin of exports accounts for the average firm-level exports per 

product-country. In addition, Chinese exporters choose different trade regimes to participate in 

international trade. However, few studies apply the multi-product firm model to compare the 

export performance among firms adopting different trade regimes. This chapter divides the 

Chinese exporters into three categories: firms only engaging in ordinary trade, firms only 

engaging in processing trade, and firms engaging in both ordinary and processing trade. Using 

Chinese firm-level production and trade data during the period 2000–2006, we confirm that 

firms with higher productivity export more products, serve a wider range of destination 

countries, and have larger average firm-level exports per product-country. We also find that 

the change in firm-level productivity has various effects on the extensive and intensive margins 

of exporters engaging in different trade regimes.   

Chapter 5 focuses on the question of how imported inputs in production affect the skill 

structure of labor demand. Previous studies usually measure direct imports to capture the extent 

to which the production of a particular country relies on imported content. However, as the 

intermediate inputs cross national borders several times within the increasingly complex GVCs, 

such an indicator becomes less reliable in reflecting how value-added is exchanged between 

countries. This chapter uses international input–output tables to capture the cross-country and 
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inter-sector production linkages in GVCs. The labor demand is measured by the cost share of 

domestic labor that is embedded directly and indirectly into final goods. We also estimate the 

cost shares of domestic high-skilled, medium-skilled, and low-skilled labor, respectively. The 

foreign value-added (FV) share is an indicator of the reliance of production on imported inputs. 

In addition, many studies are concerned with how the skill structure of labor demand in 

advanced countries is affected by direct imports from developing countries. Using input–output 

tables, we divide the FV share according to different sourcing origins, which include the FV 

share originating from advanced and developing countries, respectively. The division of the 

FV share is to measure how labor demand is affected by imported inputs that are sourced from 

advanced and from developing countries. The estimation results confirm that an increase in the 

FV share reduces the cost shares of domestic labor of all skill levels. We also find that the FV 

originating from advanced and developing countries exerts different effects on the demand for 

domestic labor. Finally, in comparison with the FV share, this chapter also estimates traditional 

indicators that only capture the direct imports of intermediate goods for production.  

In the final chapter, we conclude the thesis and outline some policy implications. 
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Chapter 2 An Overview of Measuring the GVCs 

2.1 Introduction 

Recent decades have witnessed the development of global value chains (GVCs), in which the 

production process of final goods is broken down and scattered across various countries; the 

proliferation of GVCs is regarded as an important driving force to boost economic growth in 

East Asia. Multinational firms have constructed international production and distribution 

networks in this region, the most common example of which is the electrical machinery 

industry. Several studies have documented that the total export and import shares of electrical 

machinery products in each East Asian country has substantially increased. China has become 

an important production hub for electrical machinery products because the country is rapidly 

integrated into GVCs. However, the products made in China rely heavily on imported 

intermediate inputs, particularly from other Asian countries. Measuring the participation of 

China in GVCs has become a critical empirical issue that requires a new framework to quantify 

the linkages in GVCs between China and other countries. Various approaches have been 

applied to illustrate the development of GVCs; most of these methods use customs data and 

case studies, while input–output tables and detailed firm-level data have recently been proposed 

to quantify the participation of GVCs. This chapter focuses on the drivers and empirical 

measures of GVCs. Section 2.2 provides an overview of the development of GVCs. Section 

2.3 explains the main drivers behind the dramatic expansion of GVCs in recent decades. 

Section 2.4 surveys different methodologies used in the literature to map and measure GVCs. 

Traditional methodological approaches include case studies and international trade statistics on 

parts and components. In addition, this chapter provides a brief overview of how input–output 

tables and firm-level data were used to investigate GVCs during recent decades. The final 

section concludes. 

 

2.2 The Rise of Global Value Chains 

GVCs have significantly changed the international trade and production landscape. A value 

chain can be referred to as the “full range of activities that firms and workers do to bring a 

product from its conception to its end use and beyond” (Gereffi and Fernandez-Stark 2011). 

Generally, a value chain typically includes different kinds of activities, such as design, 
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production, marketing, distribution, and after-sales services. These activities can be conducted 

within the same firm or divided among different firms. In recent decades, they increasingly 

spread over several countries, which explains why a value chain is viewed as “global.” 

International production networks across multiple countries are not a new phenomenon. The 

18th century Industrial Revolution was dependent on triangular trade. Workers were shipped 

from Africa to the Americas to work on cotton plantations. They supplied raw cotton to British 

factories which produced textiles for the global market. Nevertheless, international trade in the 

19th century could largely be represented by the trade of final products, such as Ricardo’s 

example of British cloth for Portuguese wine. Examples also documented that middle-income 

British citizens could afford bread baked with the American wheat while sipping tea brewed 

from Chinese leaves and sweetened with Jamaican sugar. Everything is set on a tablecloth 

made of Indian cotton (Baldwin 2016). Baldwin (2011) labelled this phenomenon the 

“globalization’s first unbundling,” which means that factories were unbundled from consumers. 

This first unbundling was fueled by the reduction of transportation costs due to steam power 

development and subsequent advances in transportation technology. Communication costs, 

however, remained high during this period. 

Rapid progress in information and communications technology (ICT) substantially reduces 

the cost of organizing complex activities over distances. The “globalization’s second 

unbundling” has become prevalent since the 1980s (Baldwin 2011). Production stages that 

previously performed in geographic proximity can now be located in different places without 

a significant loss of efficiency or timeliness. Production process is split and offshored to 

developing countries. To ensure that the offshored stages mesh seamlessly with those 

remaining onshore, multinational firms in advanced countries send some production processes 

abroad. As a result, the second unbundling is sometimes called the “global value chain 

revolution” (Baldwin 2011). In addition, working methods and product designs have changed 

in response to this spatial separation, thereby making production more modular. Recently, the 

scale of the second unbundling has not only been concentrated in the manufacturing sectors, 

but it has also spread to the service sectors. 

Many GVCs have developed regionally, rather than globally, because there are still costs 

for the production offshoring (Baldwin and Venables 2010). The costs and unpredictable delays 

involved in intercontinental shipment and the activities of technicians and managers still matter. 

Early examples of large-scale offshoring can be traced back to the mid-1980s and was 

conducted over short distances. Multinational firms in the US put forward the Maquiladora 
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Program and created “twin plants,” one in the US and one in Mexico; this program boomed in 

the 1980s, with employment growth of 20 percent annually from 1982–1989 (Feenstra and 

Hanson 1995). Moreover, GVCs started to spread in East Asia at about the same time. In 

Europe, GVCs were first promoted due to the European Union (EU) accession of Spain and 

Portugal in 1986 (Baldwin and Venables 2010). 

Figure 2.1 illustrates a simplified GVC, which consists of intermediate-goods producers, 

final-goods assemblers, and consumers. Each cell represents a production stage at which value 

is added to a good, and each arrow is a physical movement of parts, components, or the good 

itself. These movements occur within a country or between firms in different countries. In the 

upstream of the GVC, the intermediate-good producer needs to source parts and components 

from other intermediate good producers; value is added to each production process. Finally, 

intermediate goods reach the factory for final assembly, which requires intermediate inputs 

from the intermediate-good producer. Thus, the product manufactured by final assembly 

contains the value-added sourced from both intermediate-goods producers and the final 

assembly itself. 

 

In reality, the structure of GVCs becomes increasingly complex because production 

processes are usually located in various countries. For example, iPhone assembly requires the 

collection of parts and components from hundreds of suppliers located in different countries. 

The label on the back of the iPhone body reads, “Designed by Apple in California, Assembled 

in China.” The expression “assembled” is key, and it can be argued that iPhone production is 

possible due to worldwide cooperation of many firms from various countries. Apple’s global 

management is given as a typical example for GVC organization. The importance of which 

country is responsible for producing and exporting products has declined. It is more important 

to examine which country accounts for more added-value embedded in the products. 
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2.3 Main Drivers of GVCs 

There are several factors that contribute to the rise of GVCs. The production fragmentation is 

not new. Even though there were GVCs before the 1980s, technological improvement allowed 

production fragmentation to expand on a global scale. First, technological improvement has 

largely reduced trade costs since the 1990s thanks to the ICT revolution, which paved the way 

for the prevalence of global manufacturing. Trade costs refer to the total costs in each 

production stage, from the plant where the good is produced to the plant where the final product 

is assembled. For the trade of goods, trade costs contain land transport and port costs, freight 

and insurance costs, tariffs and duties, and costs related to non-tariff measures. Moreover, 

mark-ups by importers, wholesalers, and retailers are included in trade costs. For the trade of 

services, trade costs often refer to communication costs and non-tariff barriers. In addition, 

producers incur communication and coordination costs when spatially dispersed production 

sites need to be managed in a consistent way. Dramatic progress in ICT technology has lowered 

coordination and communication costs; in particular, development of the Internet, workflow 

software, and digital, mobile, personal, and virtual communication technologies have largely 

promoted the pervasiveness of production fragmentation. Furthermore, the availability of 

efficient and affordable logistics, transportation, and communication services supports the 

development of GVCs (Backer and Miroudot 2013).  

Another important driver behind decreased trade costs is trade and investment liberalization 

(Amador and Cabral 2016). Reduced tariffs and multilateral agreements boost international 

trade. For example, tariff rates are declining globally due to the efforts of the WTO. Since the 

1990s, tariff rates have substantially declined in low-income and middle-income countries; a 

reduction in tariff rates facilitates international dispersion of production processes. Moreover, 

the trade of intermediate goods and services has been promoted by international accords, such 

as the WTO Information Technology Agreement on computers, semiconductors, and a host of 

information technology (IT) products. 

The demand side of the world economy has dramatically changed over the last decades 

(Backer and Miroudot 2013). Prominent economic growth in emerging economies, particularly 

in emerging Asian economies, has increased overall world demand and boosted international 

trade. Asia has played not just a role as the world’s factory. There are new consumers who can 

afford a broader range of products. As a result, trade in final goods and services has risen 
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substantially. 

Finally, many emerging countries have established export processing zones that aim to 

facilitate trade and foreign investment with the use of special administrative policies. These 

processing zones play an important role in the expansion of GVCs. In Asia, an early export 

processing zone was set up in Kandla, India in 1965, which was established as an export 

processing zone for the assembly of semiconductors. Export processing zones spread rapidly 

in many developing countries that regard them to be an integral part of their export-led growth 

strategies: In 2006, 3,500 export processing zones were operating in 130 countries, providing 

jobs for about 66 million people (WTO and IDE-JETRO 2011). Furthermore, the Chinese 

government implemented an export-oriented strategy in the 1980s. In order to attract foreign 

direct investment (FDI), China established special economic zones and export processing zones 

in some coastal provinces. In addition to Asia, export processing zones have become essential 

in many Latin American and African countries, which have launched policies to open their 

markets to foreign capital through export processing zones. 

 

2.4 Measuring the Participation of GVCs 

A country’s participation in GVCs is measured through three kinds of widely used datasets: 

customs statistics at the product-level, input–output tables, and firm-level data. This section 

will first document the development of the electrical machinery industry in East Asia during 

the period 1993–2013. The sample countries or regions in East Asia refer to areas that include 

China, Hong Kong, Taiwan, Japan, South Korea, and five countries of the Association of 

Southeast Asian Nations (ASEAN): Singapore, Malaysia, Thailand, Indonesia, and Philippines. 

Export and import data are obtained from the United Nations Commodity Trade Statistics 

Database (UN Comtrade). In East Asia, China has become the largest manufacturing center for 

electrical machinery products. In order to assess the state of China’s participation in GVCs, 

disaggregated trade data are used to identify the product groups of parts and components at the 

Harmonized System (HS) 4-digit and 6-digit levels. In addition, several case studies will then 

be used to illustrate the development of electronics firms in China and role of domestic firms 

in multinational firms’ GVCs. Finally, a brief explanation of how input–output tables and firm-

level data are used in recent studies will be provided. 
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2.4.1 Electrical Machine Industry in East Asia 

Since the 1980s, a noteworthy development of intra-regional trade has been observed in East 

Asia. Because of the yen’s appreciation against the US dollar, Japan’s direct investment to 

Asian countries increased dramatically. At the same time, advanced Asian economies such as 

South Korea and Taiwan sought to improve their manufacturing technology and enhance the 

capacity of their technology-intensive industries. China and the ASEAN, which intended to 

catch up with Asian middle-income countries, shifted their policies from import substitution 

industrialization to export-oriented industrialization. From the mid-1980s in Malaysia and 

Thailand and from the early 1990s in Philippines, Indonesia, and China, they began to apply 

new strategies to attract FDI from the US, Japan, and other advanced countries. They started 

to accept as many foreign firms as possible and establish industrial clusters. In order to partially 

eliminate the negative effects of import-substituting industry protection, China and some 

ASEAN countries introduced a duty-drawback system, that is, the system of refunds of duties 

and indirect taxes on imported intermediate inputs that are produced for exports. Besides, FDI 

facilitation policies are crucial to attract multinational firms. In particular, the aggressive policy 

of inviting foreign small and medium enterprises (SMEs) effectively works in the formation of 

industrial clusters. In addition, public resources in these countries are focused on the 

development of economic infrastructure, including roads, ports, electricity and water supply, 

telecommunications, and industrial estate services. At the same time, these countries also 

improved the services of FDI hosting agencies (Ando and Kimura 2005). As a result, a number 

of multinational firms relocated their production sites to these countries because of the trade 

and investment liberalization in these countries. With the formation of international production 

and distribution networks in the manufacturing industry, trade in intermediate goods among 

East Asian countries became increasingly important. In particular, increased production of 

intermediate and final goods in the general machinery, electrical equipment, and transportation 

equipment sectors attracted attention. 

The trade of electrical machinery products plays a role as a major driving force for economic 

development in the East Asian region. This subsection examines the exports and imports of 

electrical machinery products in ten East Asian economies (see Tables 2.1 and 2.2). The export 

and import values of the US and of the entire world are also included in the tables for 

comparison. For ease of exposition, the results for every four years during the period 1993‒

2013 are presented. The parenthetical figures are the shares of electrical machinery products in 

total exports of each economy and the compound annual growth rates of exports for each 
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economy are reported in the final column. 

Table 2.1 shows the exports of electrical machinery products during the period 1993‒2013. 

It is apparent that the exports of electrical machinery products in these economies experienced 

rapid growth in the sample period. Notably, China’s exports of electrical machinery products 

rose from $11 billion in 1993 to $815 billion in 2013. Annual growth rates of exports in China 

(23.9%), Hong Kong (11.5%), South Korea (10.4%), Thailand (9.5%), and Indonesia (10.3%) 

were higher than the world average growth rate (8.2%). Alternately, the annual growth rates of 

exports in Japan (0.4%), the USA (4.1%), Philippines (5%), Taiwan (5.3%), Singapore (6.9%), 

Malaysia (6.8%) were relatively low. Moreover, the share of electrical machinery products in 

total exports of most economies in the sample, except for Indonesia, was higher than the world 

average (15.1%). The electrical machinery products of East Asian countries play a more 

important role in total exports than other regions in 2013. 

 

 

 

 

Table 2.2 presents the imports of electrical machinery products during the period 1993‒
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2013. From the table, steady upward trends of electrical machinery product’s imports can be 

observed in these economies. China’s imports of electrical machinery products rose from $15 

billion in 1993 to $544 billion in 2013. The annual growth rates of imports in China (19.7%), 

Hong Kong (11.2%), South Korea (9.4%), and Indonesia (9.7%) were higher than the world 

average growth rate (8.8%). By contrast, the annual growth rates of imports in Philippines 

(2.7%), Taiwan (4.7%), Singapore (6.2%), the USA (6.5%), Malaysia (6.9%), Thailand (8.1%), 

and Japan (8.8%) were relatively low. These results reveal that these economies imported a 

large proportion of electrical machinery products. In 2013, the share of electrical machinery 

products in total imports of most economies in the sample, except for Japan and Indonesia, 

were higher than the world average (15.9%). Due to the dramatic economic growth of China 

and the countries in the ASEAN region, domestic market demands in these developing 

countries will continue to rise. Thus, the exports and imports of electrical machinery products 

will continue to expand. 
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This subsection also examines the development of electrical machinery industry in East Asia 

using a method that is typically applied in empirical studies of intra-industry trade. The surge 

of intra-regional trade can be attributed to the ongoing geographical dispersion of production 

processes. Labor-intensive assembly activities are sent to relatively low-income countries, 

while high-income countries specialize in the capital- and technology-intensive activities. In 

recent years, firms have also begun to relocate high-value production processes abroad, further 

resulting in the increase in the intermediate goods trade within the region, whereas countries 

outside the region remain the major destination for final goods exports. 

To illustrate the importance of intermediate goods in trade of the East Asia region, Table 

2.3 details the shares of electrical machinery intermediate goods in intra-region trade. The 

increased presence of electrical machinery products in intra-regional trade reflects the 

prevalence of vertical specialization in the East Asia region. The upper panel shows intra-

region exports of electrical machinery products. The share of intra-region exports of electrical 

machinery products increased from 32.9 percent in 1993 to 44.1 percent in 2013. Moreover, 

the intra-region exports of electrical machinery intermediate goods substantially increased 

from 52 percent in 1993 to 70.8 percent in 2013. The lower panel shows intra-region imports 

of electrical machinery products. The intra-region imports of electrical machinery products 

increased from 37.9 percent in 1993 to 53.7 percent in 2013. Meanwhile, intra-region imports 

of electrical machinery intermediate goods increased from 69.2 percent in 1993 to 83.7 percent 

in 2013. These results indicate that the proportion of intra-region trade of electrical machinery 

products has dramatically increased since the late 1990s. In particular, more than 50 percent of 

electrical machinery intermediate goods transactions were conducted within the East Asian 

region, which implies an increased reliance on imported inputs in the production of East Asian 

economies due to the rise of GVCs. Furthermore, the share of regional import is higher than 

that of exports, which implies that East Asian countries are more likely to source intermediate 

inputs within the region. 
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To summarize, the above results show that electrical machinery products play an important 

role in the trade structure of most East Asian economies. In particular, electrical machinery 

products accounted for approximately 50 percent of Hong Kong, Taiwan, and Philippines 

exports, and this proportion was significantly higher than the world average. Additionally, we 

observe that a considerable share of electrical machinery product transactions occurred within 

the East Asian region. This finding confirms that East Asia has expanded and strengthened 

both intra-regional exports and imports of machinery parts and components to a significant 

degree. Importantly, the involvement of intra-regional trade is more pronounced for 

intermediate goods in the electrical machinery industry, which implies an increased 

interdependence in the East Asian region.  

This phenomenon is attributed to these three characteristics of electrical machinery products. 

There is a vast variety of electrical machinery products in terms of manufacturing technology, 

quality, and design; the production process can be separated in different locations; and the 

transportation costs for electrical and electronic machinery intermediate goods are relatively 

low. 

2.4.2 Parts and Components in China’s Electronics Industry 

The above result reveals that China has become the largest exporter and importer of 

electrical machinery products in East Asia since the late 2000s. China has been playing an 

important role in the trade of electrical machinery products. This subsection briefly examines 

the performance of the electrical machinery industry in China. GVCs in the East Asian region 

have deepened the interdependence between China and other East Asian countries. Previous 

studies highlight that Chinese firms mainly specialize in final goods assembly using a large 

proportion of imported intermediate goods. In this sense, China is a good example to illustrate 
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how GVCs affect international trade participation. Because electrical machinery products are 

prone to production fragmentation, trade of intermediate goods in this industry has markedly 

increased during the last decades. Final and intermediate goods will be distinguished according 

to the definition put forth by Ando and Kimura (2005), which identifies parts and components 

in electrical machinery products on the basis of the HS classification. 

To assess the trade of China’s electrical machinery products, we use the trade specialization 

index (TSI). The TSI is defined as the ratio of the net flow of goods (i.e., exports minus imports) 

to the total flow of goods (i.e., exports plus imports). Specifically, the TSI of product 𝑖 in 

country 𝑛 is defined as 𝑇𝑆𝐼𝑛𝑖 = (𝑋𝑛𝑖 − 𝑀𝑛𝑖) (𝑋𝑛𝑖 + 𝑀𝑛𝑖)⁄ , where 𝑋𝑛𝑖 and 𝑀𝑛𝑖 denote exports 

and imports, respectively. The TSI ranges from ‒1 to 1. A country tends to specialize in 

exporting a product and be more competitive in the world market if the TSI approaches 1. To 

the contrary, a country tends to specialize in importing a product if the TSI approaches ‒1. 

Figure 2.2 shows the TSI of intermediate and final goods of China’s electrical machinery 

products during the period 1992‒2013. The TSI of final goods was greater than that of 

intermediate goods throughout the sample period. This result implies that China is relatively 

competitive in the production of final goods for electrical machinery products. The TSI of final 

goods rose from 0.2 in 1992 to 0.6 in 2013. This result indicates an upward trend in China’s 

competitiveness related to the final goods for the electrical machinery industry. On the other 

hand, the TSI of intermediate goods was less than zero throughout the sample period. This 

result suggests that China was less competitive when producing electrical machinery 

intermediate goods. It can therefore be concluded that China’s electrical machinery industry is 

more likely to specialize in importing intermediate goods for production. Moreover, the TSI of 

intermediate goods rose from ‒0.3 in 1992 to ‒0.1 in 2013. The increase in the TSI of 

intermediate goods was not as large as that of final goods. This result implies that the 

competitiveness of final good producers rose more substantially than intermediate good 

producers during the sample period. 
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In summary, the above results provide a snapshot of China’s performance in international 

trade based on gross trade flow statistics. China has achieved significant economic 

development in the early stages of reform and opening-up as a product-processing and 

assembly base, while relying on labor-intensive industries. In particular, China plays a 

prominent role in the GVCs of electrical machinery products, considering that the country has 

gained great competitiveness and comparative advantages in the global market. 

Early studies relied on disaggregated trade data to measure the trade of parts and 

components. Ng and Yeats (1999) and Ando and Kimura (2005) recognized parts and 

components in the electrical machinery industry by searching for the keywords “part” or 

“component” in the descriptive labels within the HS classification. However, these studies have 

two shortcomings. First, some intermediate goods and services are not classified as a “part” or 

a “component.” Second, when seeking to examine the effect of international trade on the labor 

market, customs statistics do not provide information on who (i.e., which firm or industry) used 

the intermediate input for production when one wants. 

2.4.3 Case Studies of Electronics Firms in China 

Recent decades have seen a boom in offshoring on a global scale as many multinational 

firms have shifted their production sites to East Asia, especially to China. Since the 1980s, 

China’s indigenous enterprises have actively participated in GVCs and played an important 

role in international production networks. The “Made in China” label is usually found on low-

end products, such as textiles, apparel, and furniture. Since the 1990s, however, China has 

rapidly moved up the ladder of GVCs by exporting more sophisticated products. Amiti and 
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Freund (2008) document an increased exported share of electronics and machinery products 

and a declined share of agricultural and apparel products. Even though some studies have 

observed dramatic changes in China’s export composition, the country still heavily relies on 

imported parts and components to assemble final goods for global markets. The reliance on 

foreign intermediate goods and technology limits the sustainable growth of China’s electronics 

industry. 

The following subsection will examine how China’s electronics companies strengthen their 

capacities and competitiveness over time through case studies. Two stylized facts will be 

presented: the increasing presence of indigenous firms in global production networks, and the 

decreasing dependence of the high-technology industry on imported intermediate inputs. 

 

2.4.3.1 Switch Industry 

Switch equipment is a critical component used in telecommunication equipment. During the 

period 1949‒1978, the technology level of China’s telecommunication manufacturing lagged 

far behind that of advanced countries. This historical background led to weak IT infrastructure 

in the country. The domestic telecommunication provider had to purchase out-of-date 

technologies and products from local suppliers, which could result in low quality of 

telecommunication service. 

With implementation of the opening-up policy in the late 1970s, China began to embrace 

globalization and encourage a joint venture (JV) negotiation that targeted FDI and technology 

transfer. Direct imports of up-to-date switching and transmission equipment was pivotal in the 

early 1980s (Tan 2002). The Chinese government has allowed FDI to establish JVs that suited 

the interests of both multinational firms and the government since the 1980s. On the one hand, 

many multinational firms were attracted by the potential of China’s domestic market. On the 

other hand, the Chinese government desired to foster domestic technological capability and 

catch up with advanced countries through technology transfer. 

The first large JV in China’s telecommunication manufacturing sector, Shanghai Bell 

Telephone Equipment Manufacturing Corporation (Shanghai Bell), was established in 1984 in 

the form of a JV agreement with France-based Alcatel. The company developed rapidly and 

had about 25 percent of the central office switch market in 1990 (Harwit 2007). 1  After 

limitations on inward FDI were alleviated in 1990, more multinational firms were allowed to 

 
1  Central office switch is used in telecommunications system to direct voice or data communications from one source to 

another (Harwit 2007). 



19 

 

establish JVs in China. As a consequence, China’s switch market avoided over-reliance on 

direct imports, and since the early 1990s, JVs have dominated the market instead (Tan 2002). 

The incentive of the Chinese FDI-attracting policy is to boost the technological capability 

of indigenous switch suppliers so they can compete with foreign companies in both domestic 

and overseas markets. This initiative was launched on the premise that imports of up-to-date 

switch equipment and the alleviation of JVs in China can foster technology diffusion across 

the country. Thus, FDI has a positive effect on domestic firm’s growth by providing technology, 

capital financing, management skills, and access to the global market. In 1992, indigenous 

suppliers started supplying central office switches to rural areas, accounting for roughly 1.1 

percent of the market (Zhang and Igel 2001). Due to the improved quality of products, 

indigenous suppliers were able to compete with JVs in both rural and urban markets in the mid-

1990s. At that time, the four leading domestic manufacturers were DaTang, Great Dragon, 

Huawei, and ZTE, all of which were wholly Chinese-own companies. The six leading switch 

manufacturers of China in the 1990s are shown in Table 2.4. Two firm were JVs with foreign 

partners, and four were wholly Chinese-owned companies. In 1997, these six firms produced 

more than 20 million line SPC switches and approximately 80 percent of China’s total output.2 

Shanghai Bell, which was a JV, became the largest switch manufacturer in China, with 4,561 

million renminbi (RMB) sales in 1997, while wholly Chinese-owned firms such as Great 

Dragon and Huawei also grew significantly and accounted for considerable market shares 

(Zhang and Igel 2001). 

The largest wholly Chinese-owned switch manufacturer was Great Dragon, which was a 

state-owned enterprise headquartered in Beijing, China. The company had registered capital of 

RMB 12.1 billion and a staff of roughly 50,000, with 6,000 technical and engineering personnel. 

The company’s business covered switches, transmissions, network management, and data 

telecommunications. In 1991, Great Dragon launched its flagship product, the digital SPC 

HJD-04, which was the first office switching equipment made in China. Sales of SPC lines 

increased from 50 million units in 1992 to 17 billion units in 1998 (Lin, Liang and Wan 2001). 

 
2 Stored program control (SPC) is a telecommunications technology used for telephone exchanges controlled by a computer 

program stored in the memory of the switching system. SPC is introduced to production in the 1960s.  
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China’s switch market is a typical example of the ways in which the role of domestic 

suppliers evolves over time. The supply of switches follows a three-stage transition (Tan 2002). 

As shown in Table 2.5, China’s switch market largely depended on direct imports until the 

early 1980s. However, FDI-attracting policy caused the emergence and development of JVs in 

the late 1980s and early 1990s. In 1992, JVs accounted for 36 percent in the switch market, 

while direct imports still made up as much as 54 percent. Until the early 1990s, Chinese 

suppliers and JVs accounted for approximately half of the market share, while the share of 

direct imports declined sharply. In 2000, the imports of the switch fell to zero percent. The 

example of SPC switch suppliers in China illustrates a process that has allowed domestic 

suppliers, including both JVs and wholly Chinese-owned suppliers, to increase their presence 

in the local market. 

 

 

 

2.4.3.2 Semiconductor industry 

Semiconductors are viewed as extremely important components of household electronics 
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appliances. The production of semiconductors involves a major building block of high-

technology machines. In 2015, China produced and exported more than half of smartphones 

and tablet computers worldwide (URL 1). Foreign companies profited the most, however, 

because they provided key and high-cost components, such as modems, application processors, 

image sensors, power amplifiers, transceivers, and displays. In particular, the semiconductor is 

the most important component that captures a large proportion of value-added in many 

electronics products. 

China has become the largest and fastest growing market of electronics products in the world. 

China’s semiconductor consumption grew by 6 percent in 2015 when reaching a new record 

of 59 percent of the global market. The size of China’s semiconductor market rose from $14.4 

billion in 2000 to $164.4 billion in 2012 (URL 2). However, as the world’s largest exporter of 

electronics products, China remains heavily dependent on the imports of semiconductors and 

other new technologies, primarily from Japan, Korea, the US, and European countries. For 

example, about 43 percent of the parts and components for handsets and networking equipment 

of China’s second largest telecom company, ZTE, are supplied by US companies, including 

Avnet, Qualcomm, Intel, and Nvidia (Ernst 2016). This is consistent with the fact that there 

was no Chinese firm within the top 30 suppliers in China’s semiconductor market in 2012 

(URL 2). 

To reduce the trade deficit in semiconductors, Chinese government has launched new 

policies to upgrade the domestic semiconductor industry. The “National Semiconductor 

Industry Development Guidelines” and the “Made in China 2025” plan were published by 

China’s State Council in 2014 and 2015, respectively. Both policies aim to strengthen the 

innovation and manufacturing capabilities in China’s integrated circuit (IC) design industry 

and its domestic IC fabrication, primarily through foundry services. For the “National 

Semiconductor Industry Development Guidelines”, a $19 billion national industry investment 

fund has been set up to help local companies build up advanced manufacturing processes, and 

also to support local IC firms to form mergers or make acquisitions internationally. As for the 

“Made in China 2025” plan, Chinese government seeks to improve the self-reliance rate for 

ICs in the country to 40 percent in 2020, and raise the rate further to 70 percent in 2025 (Ernst 

2016). Both policies will play an important role in promoting the development of China’s 

semiconductor industry. 

Table 2.6 compares the revenue and consumption of China’s semiconductor industry. The 

contribution of domestic suppliers to semiconductor production in China ranged from 27 to 41 
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percent during the period 2000‒2015. Domestic suppliers seem to be approaching the goal set 

by the “Made in China 2025” plan. When it comes to the IC industry (Table 2.7), the level of 

self-reliance is even lower, as the share of domestic suppliers rose from 19 percent in 2000 to 

33 percent in 2015. These results imply that although China’s semiconductor and integrated 

circuit industries have dramatically developed, they still rely on imported intermediate inputs 

to a considerable extent. 

 

 

2.4.3.3 Rising Presence of Chinese Firms in the Case of Apple 

Apple is a high-technology company, and its products are produced via global production 

networks. The production process of Apple’s products heavily relies on contract manufacturers 

in different countries, while Apple itself mainly focuses on product design and the development 

of software for its operating systems. Apple moved its production processes overseas in the 

early 2000s and most of the supply chains are now located in China. According to Xing and 

Detert (2010), the production of the iPhone 3G was conducted in nine countries, which 
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included China, South Korea, Japan, Germany, and the US. The key suppliers of iPhone 3G 

parts and components include Toshiba, Samsung, Infineon, Broadcom, Numunyx, Murata, 

Dialog Semiconductor, and Cirrius Logic. All iPhone parts and components produced by these 

companies are shipped to factories in China and assembled into final product there, then 

exported to the world’s market. In 2009, the competitiveness of domestic suppliers in China 

was so weak that few Chinese firms were intermediate input suppliers of the iPhone. Chinese 

firms were mostly involved in the assembly of final products, heavily relying on imported 

materials from other countries. Chinese workers are simply responsible for assembling parts 

and components, which contribute a mere $6.50, roughly 3.6 percent of the total manufacturing 

costs, for each iPhone 3G. The bulk of the benefits are attributed to firms in the US, Japan, and 

South Korea that specialize in product design, software development, and supplying 

intermediate inputs.  

The role of Chinese firms in Apple’s supply chain has evolved during recent years. This is 

consistent with the tendency of an increasing number of multinational firms in the ICT industry 

to offshore their production sites to developing countries in order to exploit low production 

costs and the potential local market. In the 759 subsidiaries of Apple’s suppliers in 2015, about 

44 percent of them were located in China (Grimes and Sun 2016). Moreover, both core and 

non-core component suppliers tend to locate their production processes in China. Grimes and 

Sun (2016) show that 47 percent of subsidiaries supplied core components for the products, 

while roughly 38 percent of subsidiaries supplied non-core components. Even though the 

presence of Chinese companies is modest, this suggests that their competitiveness and 

technology are improved. To examine how China moves up in its production networks, it is 

necessary to assess the number of Chinese firms involved in Apple’s supply networks and the 

range of tasks performed by Chinese firms. Figure 2.3 shows the number of Apple’s suppliers 

during the period 2012‒2018 (URL 3). There were only 12 Chinese firms on Apple’s supplier 

list in 2012. However, the number of Chinese suppliers rose to 32 in 2018. This fact implies an 

increased presence of Chinese suppliers in Apple’s supply chain. This figure also shows that 

Taiwan-based suppliers play a prominent role in Apple’s supply chains. There were 51 Taiwan-

based suppliers in 2012. Even though the number of Taiwan-based suppliers fell from 55 in 

2017 to 52 in 2018, they still accounted for the largest share in Apple’s supplier list. In addition, 

the number of US-based and Japan-based suppliers declined from 2012 to 2018.  
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In summary, Apple’s supply chain is a useful example to illustrate how Chinese firms evolve 

in the GVCs and the range of roles for which they are responsible. The rising presence of 

Chinese suppliers implies that, instead of only specializing in assembly activities, Chinese 

firms are able to produce increasingly sophisticated parts and components for the Apple’s high-

technology devices. An increased number of Chinese suppliers have participated in Apple’s 

supply chain and fill the position in a wider range of production processes. These results also 

imply a remarkable upgrading of Chinese firms within Apple’s supply chain.  

Chinese parts and components suppliers have achieved significant developments by 

integrating into Apple’s supply chains. Table 2.8 shows the revenue of six Chinese firms in 

Apple’s supplier list during the period 2012‒2016. The products provided by these companies 

include computer interconnection products, microphone components, batteries, and lens 

products. Most companies experienced a substantial increase in revenues during the sample 

period. Detailed information of some companies is presented below. 

AAC Technologies is a promising China-based companies that produce complex miniature 

microphones for the iPhone. The company joined Apple’s supply chains in 2011, when iPhone 

5 upgraded its microphone system by adding a device to support high-definition video 

recording. AAC Technologies was founded in 1993 and is based in Shenzhen, China; the 

company manufactures miniaturized acoustic components for smartphones, tablets, and 

computers (URL 4). In 2016, the revenue of AAC Technologies reached $2,355 million. AAC 
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Technologies was ranked the third largest supplier of MEMS microphones in 2015, which is 

widely used in tablets and smartphones (URL 5).3 Another prominent Chinese company that is 

moving up the Apple supply chains is GoerTek, a microphone manufacturing company based 

in China’s Shandong Province. GoerTek, which has been on Apple’s supplier list since 2013, 

fabricates speakers and earphones for the iPad and iPhone. The company also provides 

microphone components to Samsung. In 2016, the revenue of GoerTek reached $2,875 million. 

GoerTek’s main competitor with respect to its manufacturing capabilities, including designing 

its own machines for automating its assembly line and faster turn-round time on production, is 

Knowles, a US-based company (URL 6). GoerTek was ranked the second-largest supplier of 

microphones in the 2015 global market (URL 5). 

 

 

 

In addition, Chinese battery maker Shenzhen Desay Battery Technology (hereafter Desay) 

has taken considerable market shares from Taiwanese companies such as Simplo Technology 

and Dynapack. Desay was founded in 1983 and primarily engaged in the manufacturing and 

sales of batteries. After more than thirty years of development, Desay has grown into a large 

battery management system and battery pack supplier with annual sales revenue that exceeded 

$1.3 billion in 2016. Desay first became an Apple supplier in 2004 and was responsible for 50 

percent of Apple’s battery order, which accounted for approximately 70 percent of the 

company’s total revenues. Desay is also a supplier for Samsung and Sony, which collectively 

accounts for 20 percent of total sales. Moreover, Desay has provided batteries for Xiaomi, a 

Chinese smartphone brand, since 2011. The rise of domestic smartphone brands is expected to 

provide the next growth momentum for Desay. 

 
3 The MEMS (Micro Electrical-Mechanical System) microphone is also called a microphone chip or silicon microphone and 

is a component in smartphones. 
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Reviewing the development of domestic electronics firms suggests that China has become 

a center for manufacturing electronics products. China’s national interest lies in both the 

growth of domestic enterprises and the integration of the global economy. Embracing GVCs 

compensates for the technology deficiency of local firms. By absorbing and digesting imported 

technology, indigenous firms are expected to improve their technological capability and 

competitiveness. The case study of switch products demonstrates that China has gained the 

ability to lessen dependence on direct imports and localize some production processes. 

However, China’s domestic production activities still rely on imported inputs or final assembly 

of high-end products. The semiconductor exemplifies the low competitiveness in China’s 

domestic production. 

Apple has moved most of its production processes to China, and an increasing number of 

Chinese companies, including assemblers and components suppliers, are increasingly joining 

Apple’s GVCs. However, Chinese suppliers are less competitive when producing some high-

technology components, such as displays, IC manufacturing, and optical modules. In order to 

catch up with advanced countries, China needs to promote the development of indigenous firms. 

It is particularly important to improve competitiveness in the domestic high-technology 

industry. 

The above anecdotal evidence, however, cannot provide a comprehensive picture of the way 

China participates in GVCs. Although the production of switch equipment and semiconductors 

illustrates the remarkable development of Chinese manufacturers, it inadequately represents 

the entire economy. It is also difficult to determine the exact role of every supplier in Apple’s 

production networks because the transaction details among suppliers are commercially 

sensitive and Apple is typically reluctant to disclose such information. Thus, more systematic 

evidence and analysis are required to quantify the phenomenon of GVCs. Researchers recently 

attempted to measure the value-added contents that are embedded in production and exports. 

Input–output tables, for example, serve as a tool to analyze the linkage between industries and 

to track down the inputs from all the upstream industries required by a certain industry to 

produce its outputs. The next subsection will provide an explanation about tracing the value-

added contents in trade. 

2.4.4 Trade in Value-Added 

With the expansion of GVCs, many studies have documented that traditional trade statistics 

tend to get a misleading perspective of how a country participates in GVCs. This reflects the 
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fact that traditional trade statistics are measured in terms of gross trade flows, and the value of 

products crossing national borders several times for further processing is counted multiple 

times. Some case studies have illustrated the concept of value-added trade using Apple’s GVCs, 

such as Linden, Kraemer and Dedrick (2009) for the iPod, Xing and Detert (2010) for the 

iPhone, and Kraemer, Linden and Dedrick (2011) for the iPad. These electrical appliances were 

finally assembled and exported by firms located in China, so they are counted as an export 

value of China. However, these export flows do not reflect how China participates in Apple’s 

GVCs. Some studies have documented that Chinese value-added represents only a small 

proportion of the value of these electrical appliances because production in China relies heavily 

on intermediate inputs imported from other countries. For example, Dedrick, Kraemer and 

Linden (2010) show that of the $144 factory-gate price of an iPod, Chinese workers contributed 

less than 10 percent of the total value, while the bulk of the components (approximately $100) 

were imported from Japan, the US, and South Korea. 

Measuring value-added in trade yields a different description of the way how a particular 

country participates in GVCs. A bilateral trade balance in gross trade terms can be different 

from a bilateral balance in value-added terms, because a country’s gross exports tend to contain 

a considerable proportion of imported contents. Compared with gross trade balances, value-

added balances remove the portion of trade flows that is double-counted in official trade 

statistics. Koopman et al. (2010) find that China’s trade surpluses with the US and Western EU 

countries estimated in value-added terms were, respectively, 41 percent and 49 percent less 

than those estimated in gross value terms. Conversely, Japan’s trade surpluses with the US and 

Western EU countries were, respectively, 40 percent and 31 percent larger than those estimated 

in gross value terms. This result reflects that the final products exported to the US and EU 

markets contain a significant portion of value-added created by Japanese-based firms. 

To depict a comprehensive picture of how a country participates in GVCs, empirical studies 

need to decompose the value of final outputs or exports into domestic and foreign value-added 

contents. The domestic value-added of exports denotes the proportion of exports created by the 

exporting country and represents the export’s contribution to the GDP. Alternately, the foreign 

value-added of exports measures the share of intermediate inputs produced in foreign countries 

and represents the export’s contribution to a foreign country’s GDP. The sum of foreign and 

domestic value-added is equal to gross exports. 

Figure 2.4 demonstrates how the value-added is created by each production stage in a 

simplified GVC which consists of four countries. Country A, which is assumed to lie in the 
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upstream of the GVC, provides $2 worth of raw materials for Country B; in this stage, the 

exports and domestic value-added of Country A are both $2. In the next stage, Country B adds 

$24 to the product using the raw materials imported from Country A; the exports of Country B 

are $26, while the domestic and foreign value-added of exports are $24 and $2, respectively. 

In the third stage, Country C adds $46 to the product using the intermediate inputs imported 

from Country B and exports the final product to Country D; the exports of Country C are $72, 

while the domestic value-added of exports is $46. 

 

It is insufficient to rely on case studies to capture the landscape of all the GVCs because 

they can only cover a small portion of producers. With the goal of tracing value-added contents 

in trade flows across countries, a body of work would need to combine information from 

customs statistics with national input–output tables to construct global input–output tables, 

which allow for devising alternative measures to document the extent to which various 

countries and sectors take part in GVCs. 

2.4.5 Input–Output Tables 

Most of the initial evidence on GVCs and production fragmentation focuses on measuring 

imported inputs embedded in gross outputs, total inputs, and exports. Tracing the intermediate 

goods in production requires a detailed production classification by which the features of 
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various production processes can be properly identified and tracked. Because such data are not 

available for all products, however, time-series and inter-country analyses are difficult to 

implement. 

Better methods are therefore needed to measure international trade contributions to a 

country’s value-added, income, and employment. Many scholars have turned their interests to 

the input–output table, which is a dataset that links production processes within and across 

countries. There have recently been important improvements in measuring GVCs. The national 

input–output table, which only provides transaction information within a country, has been 

extended to incorporate bilateral trade flows by using disaggregated trade data to link existing 

national input–output tables across countries. The constructed international input–output tables 

provide information on all bilateral transactions of intermediate and final goods and enable us 

to trace the value-added content along the GVCs to each producer. 

The use of input–output tables in empirical studies is intended to address two problems 

stemming from traditional trade statistics. First, the “double counting” issue has attracted 

considerable academic attention as GVCs have become increasingly complex. The traditional 

trade statistics record goods several times in a certain gross trade flow because of back-and-

forth shipments that take place in a cross-national production process (Koopman, Wang and 

Wei 2014; Borin and Mancini 2019).  

Second, traditional trade statistics cannot fully reflect the origins and destinations of value-

added in production. Customs statistics, which serve as the traditional data source for recording 

international trade flows, provide information about where the transacted goods are produced, 

but include no details as to how the transacted goods are produced; in other words, customs 

statistics do not reflect information about all of the sectors or countries that contributed value 

to the transacted goods. Moreover, customs statistics record where the goods flow to, but not 

how they will be used, such as whether they will be consumed in the importing country, or 

whether they will be re-exported after the importing country adds value to them. 

Estimating value-added contents in trade requires international input–output tables with 

information on the bilateral shipment of intermediate and final goods to allocate the value-

added along the GVCs to each producer. It is worth noting that producers participate in GVCs 

in two broad ways (Antràs 2019). On the one hand, a country’s exports encompass foreign 

value-added that was previously sourced abroad; this type of GVC participation is often called 

“backward GVC participation.” On the other hand, a country’s exports are not fully absorbed 

in the importing country, and are instead embodied in the importing country’s exports to a third 
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country; this type of GVC participation is often referred to as “forward GVC participation.” 

There are bodies of works that have combined customs trade statistics with national input–

output tables to construct global input–output table databases to trace value-added contents in 

trade flows across countries. The most widely used international input–output table databases 

include the World Input–Output Database (WIOD), the OECD Inter-Country Input–Output 

(ICIO) Tables database, and the Eora Global Supply Chain Database. 

The WIOD was constructed within the official WIOD Project, which was funded by the 

European Commission. This database contains harmonized supply-and-use tables and 

international trade data in goods and services, and these two sets of data have been combined 

into a set of international input–output tables. The WIOD released in 2016 covered 56 

industries in 28 EU countries and 15 other major countries in the world during the period 2000–

2014. Together with environmental and socio-economic indicators, these industry-level data 

provide information that can be used to examine various policy objectives (Timmer et al. 2016). 

The joint OECD-WTO project constructed the OECD ICIO tables. The 2018 edition of the 

database included 64 economies and included OECD, EU28 countries, most East and Southeast 

Asian economies, and a selection of South American countries. The industry list includes 36 

sectors and covers the period 2005‒2015 (Yamano and Webb 2018). 

The Eora Global Supply Chain Database consists of a multi-region input–output table 

(MRIO) model that provides a time series of input–output tables with matching environmental 

and social satellite accounts. In addition to balanced global MRIO tables that cover inter-

sectoral transfers among 15,909 sectors across 190 countries during the period 1990‒2015, this 

database also provides a set of environmental indicators, such as GHG emissions, labor inputs, 

air pollution, energy use, water requirements, land occupation, and primary inputs to 

agriculture (including 172 crops) from FAOSTAT, and Human Appropriation of Net Primary 

Productivity (URL 8). 

An input–output analysis is based on the framework developed by Leontief (1936), which 

is often referred to as the Leontief model (or input–output model). The term “inter-industry 

analysis” is also used, because one of the most important purposes of the input–output 

framework is to measure the interdependence of industries within an economy. The structure 

of the input–output model has been incorporated into the national accounting systems of many 

countries and can be used to calculate important measures, such as national GDP. A primary 

use of input–output analysis is to measure the economic impact of events, as well as that of 

public investments or programs; it is also used to identify linkages between industries. 
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Leontief’s basic framework has been widely applied in such areas as economics, energy, and 

environmental analysis. As an extension of national input–output tables, international input–

output tables have rapidly developed in recent years, thereby allowing for analysis of inter-

country linkages. 

Table 2.9 presents an outline of an international input–output table from the WIOD, which 

provides detailed information on all transactions between industries and final consumption 

across countries in the global economy (Timmer et al. 2015). The columns in the international 

input–output table illustrates how industries and countries source intermediate inputs from 

other industries or countries in the production process. When expressed as ratios to gross output, 

the cells in a column are the shares of intermediate inputs in total production costs; these cost 

share vectors represent production technology. Products can be used as intermediate inputs by 

other industries, or as final consumption for households, governments, or firms (i.e., stocks and 

gross fixed-capital formation). Furthermore, each row in the international input–output 

illustrates how the outputs of an industry or country are distributed across user categories. The 

gross outputs of each industry, which are given in the last element of each column, are equal 

to the total uses of the outputs from that industry, which are given in the last element of each 

row. In addition, the imports of an industry or country are broken down according to the 

country and industry of origin in an international input–output table. These pieces of 

information provide a powerful tool to analyze global production networks.4 

 

 
4 Miller and Blair (2009) provide a comprehensive overview the input‒output analysis.  
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2.4.6 Micro-Level Data 

Empirical studies that utilize customs trade statistics and input–output tables focus on the 

analysis at the country or industry level. In the real world, however, firms directly participate 

in international trade. As such, interest in firm-level international strategies has increased in 

international trade research. This intellectual trend is promoted by the increased availability of 

longitudinal plant- and firm-level databases, which allow researchers to reveal a series of new 

facts that challenge existing economic models. The seminal work of Melitz (2003) focused on 

exporting decisions of heterogeneous firms within an industry. Recent studies have examined 

how a firm sources intermediate inputs (Antràs, Fort and Tintelnot 2017), how imports are 

connected with exports at the firm level (Bernard et al. 2009), and how multinational firms 

organize their production networks (Harrison and McMillan 2011). 

An advantage of firm-level data is that they allow researchers to examine trade flows 

between firms and their foreign partners. In addition, firm-level data provide detailed 

information related to firm heterogeneity that is neglected when aggregated industry-level data 

are used (Johnson 2017). Lu et al. (2018) use China’s disaggregated customs data and firm-

level production data during the period 2000–2006, and they found that China’s GVC 

participation is associated with firm-related factors, such as productivity, firm size, R&D 

expenditures, firm age, market concentration, processing trade, state-owned enterprises, and 

foreign-invested firms. Kee and Tang (2016) explore the effects of FDI and input tariffs on 

domestic value-added ratios based on Chinese firm-level data. Furthermore, firm-level data 

from the World Bank’s Enterprise Surveys cover 111 countries and 38,966 firms. This database 

allows researchers to investigate how firms in a wide range of countries participated in GVCs 

(Urata and Baek 2020). 

Firm-level data can also be applied to measure offshoring, input sourcing, vertical 

specialization in trade, and the GVC activities of multinational firms. However, firm-level data 

also have limitations in some respects. For example, firm-level data do not contain the full set 

of firm-level shipments. 

 

2.5 Conclusion 

GVCs have profoundly changed the landscape of world production, thereby affecting 

international trade, investment, labor market, and the way policymakers interpret trade policies. 

The production fragmentation has become prevalent on a global scale. As interdependence 
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between countries has deepened, many empirical studies have turned to new tools to investigate 

the GVC participation of various countries. This chapter provided an overview of the 

development of GVCs over the past few decades and the factors which have facilitated the 

expansion of GVCs all over the world. Furthermore, measuring the participation of a country 

within GVCs has become an important issue among researchers. Particular attention has been 

given to the imported intermediate contents in production. Based on the traditional analysis 

method, customs data and case studies are used. Recently, many studies have begun to trace 

the value-added in international trade. By using constructed international input–output tables, 

it is possible to unveil cross-industry and cross-country linkages within GVCs in a more 

comprehensive way. Research in this thesis relies heavily on the method which have recently 

been explored.  
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Chapter 3 Why has Domestic Value-Added in China’s Exports Increased? 5 

 

3.1 Introduction 
 

During recent decades, two important phenomena have occurred so that the landscape of 

international trade dramatically changed. First, production processes have been sliced into 

many stages, and the resulting production fragmentation is carried out in different locations. 

Thus, the production of a final good requires the participation of firms in many countries that 

specialize in different segments of the vertical production chain. International trade is then 

increasingly dominated by intermediate goods and services. The amplification of intermediate 

inputs trade has been boosted by the reductions of tariff and non-tariff barriers within the 

framework of bilateral and multilateral trade agreements.  

Second, China has increasingly participated in global value chains (GVCs) and has been 

recognized as an important manufacturing center and exporter of final goods. Since the early 

1990s, China has integrated into the global economy at an extraordinary pace. China’s exports 

of goods and services increased from $49 billion in 1990 to $2,656 billion in 2018. The 

country’s imports of goods and services increased from $38 billion in 1990 to $2,549 billion 

in 2018. Meanwhile, the contribution of total exports to the gross domestic product (GDP) rose 

from 24 to 38 percent in the same period.6 The country has become the largest exporter of 

manufacturing goods since 2009, and “Made in China” has become one of the most common 

labels in shopping malls all over the world. In addition, the surge in trade value has been 

accompanied by the upgrading of China’s export structure. Products exported by China include 

not only labor-intensive products such as apparel, shoes, and furniture, but also technology-

intensive products such as computers, mobile phones, and digital cameras (Rodrik 2006; Schott 

2008). The share of medium-tech and high-tech products in China’s total exports rose from 28 

percent in 1990 to 61 percent in 2018.7 Some empirical studies have found that China’s exports 

include capital-intensive, skill-intensive, and high-technology products, in which advanced 

countries specialize. Rodrik (2006) shows that China is an outlier with the overall 

sophistication of its exports: the export bundle of China is similar to that of higher-income 

countries. Moreover, Schott (2008) finds that China’s export bundle has gradually come to 

 
5 Chapter 3 is based on the previously published article of Zhu (2019). 
6 World Development Indicators. 
7 World Development Indicators. 
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resemble that of advanced economies.  

However, pervasive GVCs and production fragmentation pose new challenges to the study 

of international trade. Traditional trade statistics are based on the assumption that all production 

activities take place at home and use domestic inputs only. However, as international 

specialization expands and the use of imported inputs increases, this assumption becomes 

invalid. Some case studies show that traditional trade statistics based on flows of exports and 

imports cannot reflect the actual circumstance of how GVCs and production fragmentation 

determine the cross-country transactions of intermediate goods and final goods. In a case study 

of the iPhone, Xing and Detert (2010) show how the iPhone 3G is exclusively assembled in 

China from parts and components which are mostly sourced abroad. Assembling and testing 

activities by Chinese firms contributed only 3.6 percent to the $2 billion of iPhone exports to 

the US in 2009. In contrast, firms in Japan, South Korea, Germany, and the US capture the 

bulk of profits by manufacturing high-value components, such as hard-disk drives, displays, 

and memories. Other case studies focusing on tablets, mobile phones, and laptops find a similar 

pattern of participation: advanced countries specialize in capital-intensive and technology-

intensive activities, capturing most of the benefits, whereas developing countries specialize in 

low-skilled activities that add little value (Linden, Kraemer and Dedrick 2009; Dedrick, 

Kraemer and Linden 2010). These examples illustrate that the contribution of a country 

specializing in the production of final goods in GVCs is overestimated if we use a method 

based on traditional trade statistics. Gross exports based on traditional trade statistics attribute 

all the value of exported products to the assembly country or exporting country within GVCs. 

However, it fails to reveal the direct and indirect inter-industrial linkages in GVCs. For 

example, a product shipped from one country to another may encompass a third country’s 

intermediate goods. Using traditional trade statistics may lead to a double-counting problem, 

and in particular may cause misleading bilateral trade balances (Meng et al. 2017). 

 While case studies provide an intuitive understanding of how a country participates in 

GVCs, they are mainly conducted for high-end electronics products at a singular point in time. 

Consequently, they cannot depict a comprehensive picture of production networks and inter-

industry linkages in the whole economy. Thanks to the development of international input–

output tables, however, important progress has been made in measuring GVCs. The 

fundamental information in an input–output table contains inter-industry transactions within a 

given country, which describes the distribution of a producer’s output throughout the economy 

and the composition of inputs required by a particular sector to produce its output (Miller and 
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Blair 2009). Moreover, the development of international input–output tables enhances the 

understanding of linkages across countries by including more information on how exports are 

distributed abroad and how imports are sourced from foreign countries. 

Researchers seek to measure value-added contents (the payment to labor and capital inputs) 

in exports based on input–output tables in order to overcome the shortcomings of traditional 

trade statistics. A widely used method for measuring the extent of a country’s participation in 

GVCs is to estimate the domestic value-added (DVA) of exports on the basis of input–output 

tables. It captures the contribution of all upstream domestic sectors to value-added in a specific 

country-sector’s exports. In the automobile sector, for example, the DVA includes value-added 

content created by the domestic automobile sector itself as well as value-added in intermediate 

inputs from all other upstream domestic sectors, such as plastic products, electrical and optical 

equipment, and machinery equipment. Moreover, because the DVA of exports accounts for a 

part of GDP, it can accurately reflect the gains which a country benefits from international 

trade.8 

This chapter focuses on two research questions. The first is whether existing evidence based 

on traditional trade statistics accurately describes the state of China’s exports. Koopman, Wang 

and Wei (2008) propose a framework to calculate the DVA of China’s exports, and by their 

estimation, the DVA share in China’s manufacturing exports was about 50 percent before its 

WTO entry, and increased to about 60 percent in 2007. There are also significant variations 

across industries. On the one hand, industries that produce sophisticated goods, such as 

electronic devices, have a relatively low domestic content (less than 30 percent). On the other 

hand, industries that specialize in the production of less sophisticated goods such as apparel 

have relatively high DVA shares. Their analysis is only available for specific benchmark years, 

however, and cannot examine long-term trends. Moreover, due to data availability, their 

estimation is limited to China. To depict a comprehensive picture of China’s participation in 

the GVCs, it is also necessary to compare the domestic content of China’s exports with those 

of other countries. 

The second question asks what factors affect the change in DVA of exports over time. Over 

the past two decades, production fragmentation has enabled firms to depend less on 

domestically produced intermediate inputs for production, and some studies have found that 

domestic content in exports has declined in many countries. Johnson and Noguera (2012), for 

example, use the Global Trade Analysis Project (GTAP) input–output tables to show that the 

 
8 In Koopman, Wang and Wei (2014), the DVA of exports is also referred to as GDP in exports. 
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domestic content of exports fell for most countries in their sample period of 1970–2009. China, 

however, is an intriguing exception. Using firm-level data, Kee and Tang (2016) find that the 

ratio of DVA to manufacturing exports in China increased from 2000 to 2006.  

How does China go against this worldwide downward trend of domestic contents in exports, 

despite its deep involvement in GVCs? There are several possible answers to this question. The 

rise in domestic content could be affected by the changing composition of China’s exports, 

implying that the country has shifted its comparative advantage toward industries with high 

domestic content. For example, if the export share of low technology manufacturing products 

increases, the domestic content of China’s total exports may increase because the domestic 

content of low technology manufacturing products is usually higher. Another possible reason 

could be the substitution of domestic intermediate inputs for imported materials. As 

intermediate input sectors become more competitive, the production in China may rely more 

on domestically produced intermediate inputs. As a consequence, the domestic content in 

exports will rise. In addition, the change in labor and capital income could affect the value-

added embedded in production. For example, the rise in labor wages could cause labor income 

to increase. As a result, value-added embedded in production could also increase provided that 

the capital income is unchanged. Understanding the determinants of changing the domestic 

content of China’s exports may offer instructive policy insights into the economic growth of 

China and other developing countries. 

This chapter contributes to the literature in two ways. First, it is difficult to examine annual 

changes in the DVA of China’s exports based only on the results available for specific 

benchmark years. This can be overcome through the development of the World Input–output 

Database (WIOD), which provides an annual time-series of world input–output tables for 

recent studies of DVA (Timmer et al. 2015). Following Koopman, Wang and Wei (2014), this 

chapter calculates the DVA of China’s exports from 2000 to 2014 on the basis of the WIOD. 

The result reveals that the DVA share (the ratio of DVA to exports) of China’s total exports 

fell during the period 2000–2007 but rose thereafter. We also estimate the DVA of exports 

across six composite industries and find that the DVA share of high technology manufacturing 

exports of China is lower than in other industries, despite high technology manufacturing 

accounting for the largest share of total Chinese exports. 

The second significant contribution is to use an extended structural decomposition analysis 

(SDA) to examine the pattern of change in the DVA of exports. The SDA provides an effective 

approach to decompose the total amount of change into specific components so that the 
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contributions of each component can be quantified. This chapter presents a modified structural 

decomposition of DVA growth by applying the SDA to the framework of Koopman, Wang and 

Wei (2014). The change in the DVA of exports is broken down into nine determinants: (1) 

capital coefficients (capital-output ratio), (2) labor productivity, (3) wage per person, (4) the 

ratio of labor income to capital income, (5) the substitution between domestic intermediate 

inputs and imported materials, (6) the substitution of intermediate inputs among each sector, 

(7) total export effect, (8) export structure effect, and (9) export destination effect. 

Previous studies have documented that the substitution between domestic intermediate 

inputs and imported materials, total export effect, and export structure effect tend to affect 

changes in DVA. However, these studies only consider the aggregate effect of value-added 

coefficients and fail to explicitly explain the contribution of specific value-added content to 

changes in DVA of exports. To fill this gap, this chapter refines the SDA to quantify the effects 

of capital coefficients, labor productivity, wage per person, and the ratio of labor income to 

capital income on changes in DVA of exports.  

Labor income and capital income are two important components in the value-added. The 

neoclassical theory provides a starting point for explaining the change in factor income shares: 

a fall in labor income share is associated with a decline in the relative price of investment goods, 

such as computer equipment, encouraging firms to replace labor with machines. This theory 

highlights the roles of capital-labor substitutability and capital-output ratio in determining labor 

income shares. Lawrence (2015) explains the change in factor income share based on the 

neoclassical theory. The study emphasizes that elasticity of substitution is a key parameter that 

captures whether capital and labor are gross complements or substitutes. Bai and Qian (2010) 

document that the labor share of China was on the decline during the period 1995–2007. In 

addition, labor productivity could affect labor income share when labor augmenting technical 

change is taken into consideration. Enhanced labor productivity is equivalent to a rise in the 

supply of “effective labor,” which could increase the effective labor-capital ratio and reduce 

labor income share in value-added. Wage per worker is also a determinant of the change in 

DVA of China. Cui, Meng and Lu (2018) find that labor wages in China rose by about 16 

percent annually during the period 2008-2015, which played a direct role in increasing labor 

income. The most important results of the SDA show that the increase in labor income relative 

to capital income plays a pronounced role in raising the DVA of China’s exports. Moreover, 

the substantial rise in labor productivity and wage per person exerts a positive effect on the 

growth in DVA of China’s exports. Finally, this chapter also reveals that the change in export 
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structure has a negative impact on the DVA of China’s exports during the period 2000–2005. 

In the subsequent period, however, the export structure effect on DVA of exports becomes 

invisible.   

This chapter’s third contribution is to compare the DVA of China’s exports with that of 

Japanese and US exports. For comparison, the same method is applied to compute the DVA of 

Japanese and US exports. A notable result is that the DVA share of China’s export of high 

technology manufacturing was much lower than that of the US and Japan in the early 2000s. 

The gap, however, was shrinking over time. It implies that the high technology manufacturing 

industry of China becomes more competitive. In addition, the result shows that the rise in the 

DVA of China’s exports is associated with other determinants such as the substitution of labor 

income for capital income and the increase in labor productivity and wage per person. 

Conversely, the rise in the DVA of US exports can be attributed to the substitution of capital 

income for labor income and capital coefficients. Moreover, China is increasingly dependent 

on domestically produced intermediate inputs after the mid-2000s, suggesting the increasing 

presence of domestic suppliers in China’s exports. Conversely, Japan and the US appear to 

have increased their reliance on imported intermediate inputs for production. 

This chapter proceeds as follows. Section 3.2 presents related literature in response to the 

two research questions. Section 3.3 outlines the procedure by which this chapter measures the 

DVA of exports and how the SDA approach is applied to decompose the changes in DVA. 

Section 3.4 explains the data source and presents empirical results for the DVA of exports. The 

final section summarizes the conclusions.  

 

3.2 Literature Review 

 

This chapter is related to two strains of previous literature in response to the two research 

questions above. The first question to answer is whether the existing evidence based on 

traditional statistics describes the real state of China’s exports. Case studies focusing on a 

specific sector or product are inadequate to examine the performance of the entire economy. 

Most researchers tended to use macro-level data to map and measure GVCs. Early studies 

initiated with the work of Ng and Yeats (1999) compare the trade statistics of parts and 

components with final products. Based on disaggregated trade statistics on parts and 

components, Athukorala (2005) examines the international product fragmentation and its 

implications for trade patterns in East Asia. Kimura, Takahashi and Hayakawa (2007) 

investigate the patterns of international trade in machinery parts and components in East Asia 
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and Europe and conclude that production fragmentation has become prevalent in the production 

networks in East Asia. A shortcoming of this type of analysis is that it highly depends on the 

production classifications of trade statistics. Consequently, it probably leads to the low 

accuracy of the measure. In addition, the increased intermediate goods in international trade 

that frequently cross national borders pose a measurement challenge. Traditional trade statistics 

record the value of intermediate goods multiple times. As a result, countries specializing in the 

assembly of final goods often account for most of the value of exports, while the role of 

countries that supply intermediate inputs in the upstream sectors tends to be underestimated.  

To depict a precise landscape of country’s participation in GVCs, researchers need to use 

input–output tables to measure the domestic and foreign contents embedded in exports. The 

development of international input–output database provides a rich description of how a 

country or sector sources intermediate inputs for its production and distributes its products all 

over the world. Hummels, Ishii and Yi (2001) propose an indicator to measure the share of 

imported content in exports, which is called vertical specialization (VS). This measure of VS 

captures situations where the production is carried out in at least two countries and goods cross 

national borders multiple times. Compared with previous studies, the VS can capture the 

imported intermediate inputs that are used in multinational production directly and indirectly. 

Using national input–output tables for ten OECD countries during the period 1970–1990, 

Hummels, Ishii and Yi (2001) document that the VS account for 21 percent of these countries’ 

exports. Dean, Fung and Wang (2007) and Daudin, Rifflart and Schweisguth (2011) apply the 

approach using the VS to confirm the fact that the degree of production fragmentation 

substantially increases in many countries. Their work, however, is turned out to be incomplete, 

which cannot capture the imported value-added in back-and-forth trade. Recent works attempt 

to keep track of the value-added embedded in complicated production chains. Johnson and 

Noguera (2012) measure the ratio of value-added to gross exports, which is called value-added 

export (VAX), based on synthesized international input–output tables. The VAX tracks the 

amount of domestic value-added content in final demand that is absorbed abroad. An 

alternative approach by Wang, Wei and Zhu (2013) and Koopman, Wang and Wei (2014) 

decomposes a country’s gross exports into value-added components regardless of where the 

exports are ultimately absorbed. Specifically, gross exports are decomposed into domestic 

value-added of exports, foreign value-added of exports, and additional pure double-counting 

terms. Their studies quantify the value-added contents in exports while accounting for back-

and-forth trade of intermediate goods and avoiding double counting items. However, the above 
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studies measure vertical specialization and value-added content based on their own databases, 

typically combining international trade statistics with a collection of input–output tables from 

the Global Trade Analysis Project (GTAP) project. And their analyses are only available for 

specific benchmark years and are not available for the examination of long-term trends. The 

difficulty can be overcome with the development of the World Input–output Database in 2016, 

which provides annual time-series of world input–output tables. The database is widely used 

to measure the value-added contents in exports (Timmer et al., 2015).9  

The second question is what factors affect the change in DVA of exports. Despite the 

significant change in value-added content of China’s exports, little attention has been devoted 

to the driving forces behind it. This, however, is crucial for researchers and policymakers to 

understand how to maintain the sustainable growth of DVA of exports in the long term. This 

chapter not only measures the DVA of exports but also quantifies factors that affect DVA of 

China’s exports. Is the growth of DVA caused by the increase in domestic intermediate inputs? 

Do the changes in capital and labor compensation influence DVA? Does the change in export 

structure affect China’s DVA? Investigating the relationship between these factors and DVA 

of exports provides policy implications for the economic development of China.  

To isolate the driving forces underlying the change in DVA of exports, this chapter uses the 

structural decomposition analysis (SDA), which is an effective approach to break down the 

total amount of change into specific components so that the contributions of each component 

can be determined and quantified. Miller and Blair (2009) demonstrate the fundamental 

concepts of SDA within an input–output framework. Some studies have applied the SDA 

approach to decompose the change in value-added content (Meng, Yamano and Webb 2011; 

Pei, Oosterhaven and Dietzenbacher 2012; Nagengast and Stehrer 2016; Duan et al. 2018). 

Generally, SDA decomposes the change in value-added content into three broad components: 

changes in direct value-added (capital and labor compensation), intermediate inputs, and final 

demand (or exports). For example, Nagengast and Stehrer (2016) decompose the change in 

value-added content during the period 2008–2009 financial crisis. They show that the changes 

in international production sharing, which is represented by the change in intermediate inputs 

sourcing, account for a large proportion of the great trade collapse. Additionally, Duan et al. 

(2018) apply the SDA approach to analyze the decline in international production sharing in 

China’s exports. Their results reveal that the downward trend is primarily caused by the 

substitution of imported intermediate goods for domestically produced intermediate materials. 

 
9 Amador and Cabral (2016) and Johnson (2017) provide detailed discussions on the measurement of GVCs. 
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Recently, an extension of the SDA approach is also used to quantify factors that affect the 

change in DVA of exports. Yang, L and Yang, C (2017) use the SDA to examine driving forces 

that affect the changes in the DVA of China’s ordinary exports and processing exports, 

respectively. According to their study, the increased ordinary exports largely contribute to the 

rise in the DVA of China’s exports. Using firm-level data, Kee and Tang (2016) confirm that 

rising domestic content in China’s exports is associated with the substitution of cheaper 

domestic intermediate inputs for imported materials. Most of the previous studies focus on the 

effects of intermediate inputs and exports on the growth of DVA. However, the contribution 

of value-added to DVA remains unclear.  

The direct value-added includes payments to primary inputs, such as capital and labor 

income. Previous studies focus on the aggregate effect of value-added on the DVA. Few, 

however, measures the influence of capital and labor income on DVA. Timmer et al. (2014) 

decompose the DVA into capital and labor that are directly and indirectly required for the 

production of final manufacturing goods based on WIOD. Their result shows a shift towards 

value being added by capital and high-skilled labor, and away from less-skilled labor in GVCs 

on a global scale. Further, they find that capital share in value-added is rising for many 

developing countries (including China), implying that developing countries increasingly 

specialized in capital-intensive production activities. Dietzenbacher, Lahr and Los (2004) use 

the SDA to dissect the decline of labor income share in the US value-added. This chapter 

distinguishes from previous literature by further decomposing the direct value-added term into 

four components: capital coefficients (the ratio of capital income to output), labor productivity 

(the ratio of value-added to the number of labor), wage level per person (the ratio of labor 

income to the number of labor), and the ratio of labor income to capital income. Overall, this 

chapter decomposes DVA of China’s exports into 9 components: (1) capital coefficients, (2) 

labor productivity, (3) wage per person, (4) the ratio of labor income to capital income, (5) the 

substitution between domestic intermediate inputs and imported materials, (6) the substitution 

of intermediate inputs among each sector, (7) total exports effect, (8) export structure effect, 

and (9) export destination effect. 

 

3.3 Methodology  

In this section, we explain the estimation of DVA of exports following Koopman, Wang and 

Wei (2014). Furthermore, we provide details about how to decompose the change in DVA of 

exports into several determinants using the SDA approach. 
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3.3.1 Measuring the DVA of Exports 

 

This subsection illustrates how to calculate the DVA of exports on the basis of input–output 

tables in WIOD, in which a set of national input–output tables that are connected with each 

other by bilateral international trade flows. To calculate the DVA of China’s exports, a time-

series national input–output tables of China are needed. In addition, the WIOD provides 

detailed data on trade flows by origins and destinations.  

In the input–output table of N industries, let Z be an N×N matrix representing the transaction 

values of intermediate inputs among sectors within a country. Let Y be an N×G final demand 

matrix, which denotes the transactions of final goods. Summing up the matrix Y along rows 

yields the total final outputs of a given sector, which can be expressed as 𝐲 = 𝐘𝛍, and μ is a 

conformable vector of ones (the dimension of which differs depending on the context). Let x 

be an N×1 gross output vector. The domestic input coefficient matrix 𝐀𝐝 gives the production 

requirements per unit of output, and is defined as 𝐀𝐝 = 𝐙�̂�−𝟏, in which �̂� denotes a diagonal 

matrix with gross output vector 𝐱  on its main diagonal. 10  The gross output consists of 

intermediate goods and final goods; that is, 𝐱 = 𝐀𝐝 𝐱 + 𝐲. This equation can be rearranged as 

𝐱 = (𝐈 − 𝐀𝐝)−𝟏 𝐲 = 𝐋𝐝 𝐲, where 𝐈 is the identity matrix, and 𝐋𝐝 is a domestic Leontief inverse 

matrix, which represents the gross output values that are generated in all stages of the 

production process of one unit of final demand.    

The Leontief inverse matrix can be expressed as a geometric series. Multiplying by the final 

demand vector, the zero-order term y is the direct output absorbed as final goods, the first-order 

term [𝐈 + 𝐀𝐝] 𝐲 is the direct output absorbed plus the intermediates used to produce that output, 

the second-order term [𝐈 + 𝐀𝐝 + (𝐀𝐝)2] 𝐲  includes the additional intermediates used to 

produce the first round of intermediates (𝐀𝐝𝐲), and the sequence continues as such. Therefore, 

(𝐈 − 𝐀𝐝)−1 𝐲 is the vector of output used both directly and indirectly to produce final goods. 

 Gross output requirement can be translated into the effect on value-added by using value-

added coefficients. Thus, the DVA of an individual country’s exports based on input–output 

model is calculated as follows:11 

  

 𝐃𝐕𝐀 = 𝐯(𝐈 − 𝐀𝐝)−1�̂� = 𝐯𝐋𝐝�̂�,  (3.1) 

 
10 Throughout this thesis, matrices are indicated by bold capital symbols and vectors by bold lowercases. The 

notation “hat” over a vector denotes a diagonal matrix with the elements of the vector along the main diagonal 

and zeros in off-diagonal elements. 
11 The derivation of equation (3.1) follows Koopman, Wang and Wei (2014). 
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where, v is a 1×N vector of value-added coefficients, which can be calculated as 𝐯 =

𝐩�̂�−𝟏,with p be a 1×N vector of direct value-added. In other words, value-added coefficients 

reflect the share of direct value-added in total outputs. Let 𝐞 denote the gross export vector, 

including both the final good exports and intermediate good exports of a country. The product 

of the Leontief inverse matrix 𝐋𝐝 and the value-added coefficient vector 𝐯 gives the DVA that 

is needed to produce one additional unit of product (or the DVA share in one unit of product). 

Finally, multiplying 𝐯𝐋𝐝 by gross exports �̂� yields the DVA embedded in a country’s exports. 

 

3.3.2 Structural Decomposition Analysis (SDA) 

 

The DVA in exports is decomposed into nine determinants by employing an extended SDA 

approach: capital coefficients (the ratio of capital income to output), labor productivity (the 

ratio of value-added to labor inputs), wage per person (the ratio labor income to labor inputs), 

the substitution between labor income and capital income (the ratio of labor income to capital 

income), the substitution between domestically produced inputs and imported inputs, the 

substitution of intermediate inputs among each sector, total exports effect, export structure 

effect (i.e., how the exports of each destination are distributed across sectors), and export 

destination effect (i.e., how total exports are distributed across export destination countries).    

First, the change in intermediate inputs is decomposed into the effect of the substitution 

between domestically produced inputs and imported inputs, the substitution of intermediate 

inputs among each sector. 𝐀𝐝 and 𝐀𝐦 are domestic input coefficient matrix (i.e., the amount of 

domestically produced intermediate inputs required per unit of output) and imported input 

coefficient matrix (i.e., the amount of imported intermediate inputs required per unit of output). 

𝐀𝐓𝐎𝐓 = 𝐀𝐝 + 𝐀𝐦  indicates the total input coefficient. In order to quantify the substitution 

between domestic intermediate inputs and imported materials, one can use a matrix of 𝐓𝐝 to 

capture the share of domestically produced intermediate inputs,  

 

 𝐀𝐝 = 𝐓𝐝 ⊗ 𝐀𝐓𝐎𝐓,  (3.2) 

 

where the Hadamard product ⊗ denotes cell-by-cell multiplication, with aij
d = tij

d × aij
TOT. For 

example, a 2×2 matrix 𝐓𝐝 can be expressed as follows:  
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[
t11
𝑑 t12

𝑑

t21
𝑑 t22

𝑑 ] = [

a11
𝑑

a11
𝑇𝑂𝑇

a12
𝑑

a12
𝑇𝑂𝑇

a21
𝑑

a21
𝑇𝑂𝑇

a22
𝑑

a22
𝑇𝑂𝑇

].  

 

The change of 𝐓𝐝 reflects the substitution between domestically produced intermediate inputs 

and imported materials. For example, an increase in each element of matrix 𝐓𝐝 means more 

domestic intermediate inputs are used for the production. Then equation (3.1) can be rewritten 

as follows: 

 

 𝐃𝐕𝐀 = 𝐯(𝐈 − 𝐀𝐝)−1 �̂� = 𝐯(𝐈 − 𝐓𝐝 ⊗ 𝐀𝐓𝐎𝐓)−1 �̂�. (3.3) 

 

Note that the change of value-added coefficients (v), domestic input coefficients (𝐀𝐝), and 

imported input coefficients (𝐀𝐦) are not fully independent, as 𝐯 + 𝛍𝐀𝐓𝐎𝐓 = 𝛍 (Diezenbacher 

and Los 2000). To solve this dependent problem, this chapter uses normalized total 

intermediate input coefficients, �̃� = 𝐀𝐓𝐎𝐓(𝐈 − �̂�)−𝟏 . The matrix provides the mix of 

intermediate inputs in each sector. The change of �̃�  reflects the inter-sector substitution 

between intermediate inputs. Then equation (3.3) is rewritten as follows: 

 

 𝐃𝐕𝐀 = 𝐯[𝐈 − 𝐓𝐝 ⊗ �̃�(𝐈 − �̂�)]
−𝟏

 �̂�. (3.4) 

 

Furthermore, the value-added coefficients (v) is equal to the product of four components 

including the capital coefficient (k), labor productivity (𝛑 ), the ratio of inputs to wage 

compensation (𝛉), and the ratio of labor compensation to capital compensation (𝛗). Let r and 

c denote the vector of labor income and capital income, respectively. The capital coefficient is 

expressed by 𝐤 = 𝐜�̂�−1. Let l denote the number of labor inputs. The labor productivity is 

expressed by 𝛑 = 𝐩�̂�−1. The level of wage per person is expressed by the reciprocal of 𝛉 =

𝒍�̂�−1, and the ratio of labor income to capital income is expressed by 𝛗 = 𝐫�̂�−1. Thus, the 

value-added coefficient is calculated as 𝐯 = 𝐤�̂��̂��̂� . Therefore, equation (3.4) can be 

rearranged as follows:       

 

 𝐃𝐕𝐀 = (𝐤�̂��̂��̂�)[𝐈 − 𝐓𝐝 ⊗ �̃�(𝐈 − �̂�)]
−1

�̂�. (3.5) 
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Finally, the exports matrix can be decomposed into three components: (1) the total export effect 

(scalar G), which expresses the total value of exports; (2) the export structure effect (matrix 

M), which captures how exports to an particular country are distributed across sectors; and (3) 

the exports destination effect (vector d), which captures how total exports are distributed across 

export destination countries. Thus, the exports vector can be expressed as 𝐞 = G𝐌𝐝, and 

equation (3.5) is rewritten as follows:   

 

 𝐃𝐕𝐀 = (𝐤�̂��̂��̂�)[𝐈 − 𝐓𝐝 ⊗ �̃�(𝐈 − �̂�)]
−1

G𝐌�̂�. (3.6) 

 

Equation (3.6) is the basic formula of the SDA that is developed by this chapter to decompose 

the change in the DVA of exports. Specifically, the annual percentage change in the DVA of 

exports over time is conducted in an additive decomposition framework. 

In order to decompose the change of DVA in exports into nine determinants over the periods 

2000–2005, 2005–2010, and 2010–2014, respectively, this chapter uses the average of the two 

so-called polar decompositions. The principle can be illustrated in the case with three 

determinants. Suppose 𝑈 = 𝑄𝑇𝑃, in which Q ,T and P can change independently from each 

other. Subscripts 0 and 1 stand for two different years.  

 

 ∆𝑈 = 𝑄1𝑇1𝑃1 − 𝑄0𝑇0𝑃0,  (3.7) 

      = (𝑄1𝑇1𝑃1 − 𝑄0𝑇1𝑃1) + (𝑄0𝑇1𝑃1 − 𝑄0𝑇0𝑃1) + (𝑄0𝑇0𝑃1 − 𝑄0𝑇0𝑃0), (one polar) (3.8) 

      = (𝑄1𝑇0𝑃0 − 𝑄0𝑇0𝑃0) + (𝑄1𝑇1𝑃0 − 𝑄1𝑇0𝑃0) + (𝑄1𝑇1𝑃1 − 𝑄1𝑇1𝑃0), (counter polar) (3.9) 

 
     =

1

2
∆𝑄(𝑇1𝑃1 + 𝑇0𝑃0) +

1

2
(𝑄1𝑇1 + 𝑄0𝑇0)∆𝑃 + 

(the average) (3.10) 
            +

1

2
[(𝑄0𝑇1𝑃1 − 𝑄0𝑇0𝑃1) + (𝑄1𝑇1𝑃0 − 𝑄1𝑇0𝑃0)]. 

 

Equations (3.8) and (3.9) are the polar decompositions using different weights. The notation Δ 

denotes the difference between two periods. Taking the average of the two polar 

decompositions yields equation (3.10). The first term of equation (3.10) measures the change 

of U due to the change of Q when T and P are constant; the second term measure the change 

of U due to the change of P assuming Q and T are constant; the third term captures the change 

of U due to the change of T when Q and P are constant. Thus, the actual decomposition of 

equation (3.6) can be derived in the same way as equation (3.7). From equation (3.6), the DVA 

can be expressed as a function with 9 variables, that is, 𝑓(𝑘, 𝜋, 𝜃, 𝜑, 𝑇𝑑 , Ã, 𝐺,𝑀, 𝑑). Thus, the 

first polar decomposition is as follows: 
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 DVA1 − DVA0  

 =  𝑓(𝑘1, 𝜋1, 𝜃1, 𝜑1, 𝑇1
𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑1) −  𝑓(𝑘0, 𝜋0, 𝜃0, 𝜑0, 𝑇0

𝑑 , �̃�0, 𝐺0,𝑀0, 𝑑0),  

 = 𝑓(𝑘1, 𝜋1, 𝜃1, 𝜑1, 𝑇1
𝑑 , �̃�1, 𝐺1, 𝑀1, 𝑑1) − 𝑓(𝑘0, 𝜋1, 𝜃1, 𝜑1, 𝑇1

𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑1)  

  +𝑓(𝑘0, 𝜋1, 𝜃1, 𝜑1, 𝑇1
𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑1) − 𝑓(𝑘0, 𝜋0, 𝜃1, 𝜑1, 𝑇1

𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑1)  

 ⋮   

 +𝑓(𝑘0, 𝜋0, 𝜃0, 𝜑0, 𝑇0
𝑑 , �̃�0, 𝐺0, 𝑀0, 𝑑1) − 𝑓(𝑘0, 𝜋0, 𝜃0, 𝜑0, 𝑇0

𝑑 , �̃�0, 𝐺0,𝑀0, 𝑑0).  

 

As the mirror image of the first polar decomposition above, the other polar decomposition is 

expressed as follows: 

 

 𝐷𝑉𝐴1 − 𝐷𝑉𝐴0  

 =  𝑓(𝑘1, 𝜋1, 𝜃1, 𝜑1, 𝑇1
𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑1) −  𝑓(𝑘0, 𝜋0, 𝜃0, 𝜑0, 𝑇0

𝑑 , �̃�0, 𝐺0,𝑀0, 𝑑0),  

 = 𝑓(𝑘1, 𝜋0, 𝜃0, 𝜑0, 𝑇0
𝑑 , �̃�0, 𝐺0,𝑀0, 𝑑0) − 𝑓(𝑘0, 𝜋0, 𝜃0, 𝜑0, 𝑇0

𝑑 , �̃�0, 𝐺0, 𝑀0, 𝑑0)  

 +𝑓(𝑘1, 𝜋1, 𝜃0, 𝜑0, 𝑇0
𝑑 , �̃�0, 𝐺0, 𝑀0, 𝑑0) − 𝑓(𝑘1, 𝜋0, 𝜃0, 𝜑0, 𝑇0

𝑑 , �̃�0, 𝐺0,𝑀0, 𝑑0)  

 ⋮  

 +𝑓(𝑘1, 𝜋1, 𝜃1, 𝜑1, 𝑇1
𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑1) − 𝑓(𝑘1, 𝜋1, 𝜃1, 𝜑1, 𝑇1

𝑑 , �̃�1, 𝐺1,𝑀1, 𝑑0).  

 

Then, calculating the average effect of the corresponding terms yields the final decomposition. 

For example, the effect of capital coefficient E(k) can be calculated as follows: 

 

 E(k) =
1

2
[𝑓(𝑘1, 𝜋1, 𝜃1, 𝜑1

, 𝑇1
𝑑, �̃�1, 𝐺1, 𝑀1, 𝑑1) − 𝑓(𝑘0, 𝜋1, 𝜃1, 𝜑1

, 𝑇1
𝑑, �̃�1, 𝐺1, 𝑀1, 𝑑1)  

(3.11) 

 +𝑓(𝑘1, 𝜋0, 𝜃0, 𝜑0
, 𝑇0

𝑑, �̃�0, 𝐺0, 𝑀0, 𝑑0) − 𝑓(𝑘0, 𝜋0, 𝜃0, 𝜑0
, 𝑇0

𝑑, �̃�0, 𝐺0, 𝑀0, 𝑑0)]. 

 

Then, we can calculate E(𝜋)~E(𝑑) in the same manner.  

 

3.4 Data and Empirical Results 

This section will first explain the data sources that are used to estimate the DVA of exports. 

Then we present the estimation results for the DVA of exports at the industry and country levels. 

Finally, we decompose the change in DVA of exports into several components using the SDA 

approach.   
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3.4.1 Data Sources 

This chapter measures the DVA of exports by using international input–output tables and 

supplementary data from the WIOD, which is constructed by connecting a set of national input–

output tables. The WIOD released in 2016 provides time-series of international input–output 

tables, covering 43 countries and 56 sectors for the period 2000–2014 (Timmer et al. 2016). 

The variables used in equation (3.1) rely on the data from international input–output tables, 

such as the flows of intermediate inputs (Z), the flows of final products (y), outputs (x), and 

value-added (p).  

In addition to input–output tables, a unique characteristic of the WIOD is the availability of 

the quantity and prices of factor inputs, including data on labor input (number of workers), 

labor income, and capital income. These data are provided in the so-called socio-economic 

accounts and can be used in conjunction with international input–output tables as similar 

industry classifications are used. These data are crucial for our analysis, including labor income 

(r), capital income (c), and the number of workers (l). A table of summary statistics for the data 

of China, Japan, and US is provided in the Appendix A.    

By applying the concepts and measurement described above, this section presents the 

estimation results of the DVA of exports across 56 industries during the period 2000–2014. 

For ease of exposition, the 56 industries are grouped into six composite industries: agriculture, 

mining and utility, low technology manufacturing, medium technology manufacturing, high 

technology manufacturing, and service.12 

 

3.4.2 Results for the DVA of Exports 

In response to the first research question, this subsection discusses China’s gross exports 

and the DVA of China’s exports during the period 2000–2014 using WIOD. For comparison, 

the DVA embedded in US and Japanese exports is also calculated. Figure 3.1 shows the 

composition of China’s total exports by six composite industries and reveals the increased 

importance of high-end manufacturing goods in China’s total exports. The manufacturing 

industry accounted for the largest share of total exports, which ranged from 74 to 84 percent 

from 2000 to 2014, while the total export share of services ranged from 14 to 21 percent. Due 

to heterogeneity across sectors, manufacturing sectors are divided into three groups: high 

technology manufacturing exports (e.g., computer, chemical products), medium technology 

 
12 The definition of the six composite industries is inspired by Nagengast and Stehrer (2016).  
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manufacturing exports (e.g., basic metal fabrication), and low technology manufacturing 

exports (e.g., textile, leather, and furniture products). The remaining two industries, agriculture 

and mining and utility, collectively accounted for less than 5 percent. The share of high 

technology manufacturing in total exports increased from 34 percent in 2000 to 50 percent in 

2014; the share of medium technology exports rose slightly, from 12 percent in 2000 to 1 3 

percent in 2014; and the share of low technology manufacturing exports declined from 30 

percent in 2000 to 20 percent in 2014. These results are consistent with previous studies 

(Rodrik 2006; Schott 2008), which document that China’s exports of sophisticated goods have 

risen dramatically. China’s exports now include not only low technology products such as 

apparel and electrical toys, but also a large number of high technology exports such as cell 

phones, computers, and other electronic products. The prima facie evidence shows that the 

export structure of China’s exports has changed dramatically, but it fails to take into 

consideration the imported content that are embedded in its exports. To assess the extent to 

which China has moved up the GVC ladder, this chapter traces value-added contents directly 

and indirectly embedded in exports by employing international input–output tables. 

 

 

Figure 3.2 illustrates the DVA of China’s exports and the value of total exports. The DVA 

of exports is calculated on the basis of equation (3.1). The DVA of China’s exports showed an 

overall upward trend over the sample period, except for a short-run decline due to the 2008 

global financial crisis. In 2000, the DVA of China’s exports was roughly $215 billion, 

accounting for 82 percent of total exports. In 2014, the DVA of China increased to $2003 
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billion, accounting for 83 percent of total exports. The result confirms that there is a gap 

between DVA and gross exports. The value of DVA is smaller than exports mainly because of 

the existence of foreign value-added in exports, which represent imported intermediate inputs 

for production. This suggests that traditional trade statistics are likely to overestimate a 

country’s exports and cannot accurately reflect China’s gains from international trade. 

 

 

 

Figure 3.3 illustrates the ratio of DVA to total exports, namely, the DVA share, at the 

country and industry levels. First, the result shows that the DVA share of China’s total exports 

ranged from 73 to 83 percent during the period 2000–2014. The DVA share experienced a 

substantial decline from 83 percent in 2001 to 73 percent in 2004. After a leveling-off period, 

the DVA share began to rebound, increasing from 74 percent in 2007 to 82 percent in 2014. It 

is worthwhile to note that the downward trend of China’s DVA during the period 2001–2004 

responds to the WTO entry in 2001. Enhanced trade liberalization allows Chinese firms to use 

more imported content for production, resulting in the reduction of DVA share after the WTO 

accession.  

Furthermore, we calculate the average DVA shares of the six composite industries to 

examine the heterogeneity across industries. Figure 3.3 shows that agriculture, on average, had 

the highest level of DVA share among the six composite industries, followed by the service 

and mining and utility industries. The changes in DVA share of agriculture and service exhibit 

two phases from 2000 to 2014, with a moderate downward trend during the period 2000–2004 

and an upward trend in the subsequent period. The DVA share of the mining and utility industry 
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declined substantially, from 92 percent in 2001 to 84 percent in 2010. It rebounded thereafter 

and rose to 87 percent in 2014.  

The manufacturing industry has lower DVA shares. However, significant heterogeneity is 

confirmed across the three manufacturing industries. High technology manufacturing had the 

lowest DVA share among all the industries, although it accounted for the largest share in 

China’s total exports during the sample period. In contrast, low technology manufacturing had 

the highest DVA share of the three manufacturing industries. The figure reveals a common 

trend that the DVA shares of the three manufacturing industries declined during the period 

2001–2004. However, the magnitudes of declines are different across the three manufacturing 

industries. High technology manufacturing fell substantially by roughly 9 percentage points, 

while medium and low technology manufacturing fell by 6 and 3 percentage points, 

respectively. The patterns of changes in the subsequent period were slightly different among 

the three manufacturing industries. For low technology manufacturing, the DVA share trended 

upward from 82 percent in 2004 to 89 percent in 2014, while the DVA shares of high and 

medium technology manufacturing leveled off for years and took an upward trend thereafter. 

Focusing on restoration period, the DVA share of high technology manufacturing went up from 

66 percent in 2007 to 77 percent in 2014, while the DVA share of medium technology 

manufacturing rose from 77 percent in 2007 to 81 percent in 2014.    

The above results imply that China’s WTO entry in 2001 had a relatively large impact on 

the high technology manufacturing, medium technology manufacturing, and mining and utility 

industries and had relatively a small impact on the DVA share of agriculture, service, and low-

technology manufacturing industry. Johnson (2014) offers two explanations for this result. 

First, many producers in the manufacturing industry have to source intermediate inputs from 

agriculture, non-manufacturing (raw materials), and service industries. As a result, the value-

added will accrue to agriculture, non-manufacturing, and service industries, which often lie 

upstream of GVCs. Second, the manufacturing industry is characterized by a higher degree of 

vertical specialization than other industries, which decreases the DVA share in manufacturing 

exports. 

In summary, evidence shows that the DVA of China’s exports has risen steadily during the 

period 2000–2014. However, the share of DVA in China’s exports varies over time. Entry into 

the WTO played a key role in decreasing the DVA share of China’s exports in the early 2000s. 

It is likely that trade liberalization encourages Chinese firms to rely more on imported inputs 

for production. In particular, the DVA shares of the high technology manufacturing industry 
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fell dramatically during the period 2001–2004. Even though the DVA share of China’s high 

technology manufacturing exports began to rise after 2007, it was still lower than other 

industries throughout the sample period. This result is consistent with case studies showing that 

China’s indigenous producers are heavily relying on direct imports of some key parts and 

components for production. In contrast, the DVA share of low technology manufacturing is 

higher, which implies a low reliance on foreign intermediate inputs in production activities.  

 

 

 

Furthermore, Figure 3.4 compares the DVA shares of the six composite industries of China, 

Japan, and the US during the period 2000–2014. A common result is that the DVA shares in 

the manufacturing exports of Japan and the US fell during the sample period, indicating a rising 

dependency of export goods on the imported intermediate inputs. For the US, the DVA share 

of high technology manufacturing fell by 4 percentage points from 86 percent in 2000 to 82 

percent in 2014; the DVA share of medium technology manufacturing dropped by 8 percentage 

points from 84 percent in 2000 to 76 percent in 2014; and the DVA share of low technology 

manufacturing decreased by 3 percentage points from 90 percent in 2000 to 87 percent in 2014. 

The DVA shares of Japan’s manufacturing exports declined more substantially during the 

period 2000–2014. For the three manufacturing industries of Japan, the DVA share of high 

technology manufacturing fell by 15 percentage points from 89 percent in 2000 to 74 percent 

in 2014; the DVA share of medium technology manufacturing fell by 26 percentage points 

from 87 percent in 2000 to 61 percent in 2014; the DVA share of low technology manufacturing 
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fell by 9 percentage points from 91 percent in 2000 to 82 percent in 2014. The result also 

reveals that the DVA shares of agriculture, service, and mining and utility were relatively stable 

during the period 2000–2014. 

However, China’s DVA share exhibited an upward trend after the mid-2000s, defying the 

downward trends of Japan and the US. The DVA shares of China’s low and medium 

technology manufacturing exports exceeded those of Japan and the US after the mid-2000s, 

which suggests that China had enhanced their competitiveness in those areas. The DVA share 

of Chinese high technology manufacturing exports is much lower than that of Japanese and the 

US high technology manufacturing exports. However, the gap has continued to shrink since 

the mid-2000s, which reflects the development of China’s high technology manufacturing 

industry.    

 

 

 

3.4.3 Decomposing the Change in the DVA of China’s Exports 

In response to the second research question, this subsection shows what specific determinants 

affect the change in the DVA of China’s exports. Before estimating the results for the 

decomposition of DVA of China’s exports, it is necessary to see the changes in value-added 

term consisting of four components: capital coefficients (the ratio of capital income to output), 

labor productivity (the ratio of value-added to labor inputs), the ratio of labor inputs to labor 

income, and the ratio of labor income to capital income. Table 3.1 shows the changes in these 
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four components over the periods 2000–2005, 2005–2010, and 2010–2014. Capital coefficients 

declined by roughly 10.7, 12.1, and 10.2 percent over the three periods, respectively. This result 

implies that the production for exports requires less capital input per unit of output. Moreover, 

labor productivity increased significantly by 79.3 and 79.8 percent during the first two periods, 

respectively. In the third period, it fell by 23 percent. The ratio of labor inputs to labor income 

exhibited a downward trend, which implied that the wage per person was on the rise. In 

particular, the largest increase in wage per person was observed during 2005–2010. Finally, 

the ratio of labor income to capital income decreased by 8.2 percent from 2000 to 2005, 

whereas it increased by 40.1 percent during 2005–2010 and 22.9 percent during 2010–2014. 

This result suggests that a substitution of labor income for capital income occurred after the 

mid-2000s. 

 

 

 

Table 3.2 presents the results of the decomposition of the DVA of China’s exports over time 

by applying the SDA approach. The first three columns show the results during the periods 

2000–2005, 2005–2010, and 2010–2014, while the fourth and fifth columns report the results 

for the periods 2000–2008 and 2008–2014, which compare the changing pattern before and 

after the 2008 global financial crisis. The final column shows the overall changes during the 

period 2000–2014. By using an extended SDA approach, the change in the DVA of China’s 

exports is broken down into nine determinants: capital coefficients (k), labor productivity (π), 

the ratio of labor inputs to labor income (θ), the ratio of labor income to capital income (φ), 

domestic inputs coefficients (𝑇𝑑 ), the substitution between intermediate inputs (Ã), total 

exports effect (G), export structure effect (M) and export destination effect (d). We interpret 

the results as manner such that the DVA of exports will change due to a particular determinant 

under the condition that the other determinants stay constant. The upper panel gives the annual 

percentage change of each determinant, while the lower panel reports the contribution of each 

determinant to the total change in DVA. For example, when other factors did not change, the 
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DVA fell by 1 percent annually during the period 2000–2005 due to the change in capital 

coefficients. Meanwhile, the change in capital coefficient accounted for roughly 2.8 percent of 

the change in the DVA of China’s total exports in absolute value over the same period. 

As shown on the bottom of the first three columns in Table 3.2, the DVA of China’s exports 

rose by approximately $383 billion, $725 billion, and $659 billion during the periods 2000–

2005, 2005–2010, and 2010–2014, respectively. And the annual growth rates of DVA were 

roughly 35.6, 24.3, and 12.4 percent during the periods 2000–2005, 2005–2010, and 2010–

2014, respectively. The fourth and fifth columns illustrate the changes in DVA of China’s 

exports during the periods 2000-2008 and 2008–2014. The DVA increased by $951 billion 

before the 2008 financial crisis, while it rose by $816 billion in the subsequent years. 

Comparing the annual growth rates, the increase in the DVA of China’s exports speeded up 

after 2008, with 55.1 percent during the period 2000–2008 and 63.1 percent during the period 

2008–2014. 

How do the changes in value-added terms affect DVA growth? The DVA of China’s exports 

decreased by 2.9 percent annually due to capital coefficients during the period 2000–2014. The 

DVA of China’s exports annually decreased by approximately 1 percent during the periods 

2000–2005, 2005–2010, and 2010–2014 due to the capital coefficients. Its contribution 

increased throughout the three periods in absolute value, with -2.8 percent during the period 

2000–2005 and -8.8 percent during the period 2010–2014. The role of capital coefficients was 

distinct in the periods 2000–2008 and 2008–2014. The DVA annually fell by roughly 1.6 

percent prior to 2008 and by 6.9 percent after 2008. Meanwhile, the contribution of capital 

coefficients was -3 percent before 2008 and -11 percent in the following period. These results 

imply that the capital income did not contribute to the growth of the DVA of China’s exports 

during the sample period, as the capital needed per unit of output was on the decline. 

The DVA of China’s exports increased by about 9.4 percent annually due to the effect of 

labor productivity during the period 2000–2014. As shown in the first three columns, the DVA 

annually increased by 4.3 and 4.8 percent due to labor productivity during the periods 2000–

2005 and 2005–2010, respectively. However, the magnitude of annual increase became much 

smaller during the period 2005–2014, at roughly 1.7 percent. In addition, its contribution 

increased during the first two periods, with 12 percent during the period 2000–2005 and 19.7 

percent during the period 2005–2010, finally falling to 13.5 percent during the period 2010–

2014. Comparing between the fourth and fifth columns, the annual increase in DVA was larger 

during the period 2008–2014 than during the period 2000–2008. Moreover, the contribution of 
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labor productivity to DVA growth increased during the period 2008–2014.  

The effects of the ratio of labor inputs to labor income were negative throughout the sample 

period. As stated in the previous section, the reciprocal of this term is interpreted as the wage 

per person. The negative sign for this term indicates an increase in the wage per person. This 

result is consistent with the prevalent observation that labor costs in China have increased in 

recent years. Inspection of the first three columns suggests that the increase in the wage per 

person was associated with the growth of DVA during the periods 2000–2005, 2005–2010, and 

2010–2014. In particular, the magnitude of growth in DVA due to the rise in wage per person 

was large during the period 2005–2010. Comparing the changes during the periods 2000–2008 

and 2008–2014, the rise in DVA is more pronounced in the latter period than the former. The 

prominent role of wage per person in raising the DVA of China’s exports shows that the 

ongoing rise in labor costs is an important explanation of the DVA growth of China’s exports. 

 The ratio of labor income to capital income made an overall positive contribution to the 

growth of the DVA of China’s exports during the period 2000–2014, which implied that the 

substitution of labor income for capital income was an important determinant of China’s DVA 

growth. During the period 2000–2005, the DVA annually decreased by about 0.2 percent due 

to the ratio of labor income to capital income. This decline in DVA was associated with the 

fact that capital income grew faster than labor income during this period, and the substitution 

of capital income for labor income in this period dominated the change in DVA. However, the 

ratio of labor income to capital income annually raised the DVA by 2.1 and 1.3 percent during 

the periods 2005–2010 and 2010–2014. The result implies that the substitution of labor income 

for capital income dominated the increase in DVA in the last two periods. However, there was 

a stark difference in comparing the periods 2000–2008 and 2008–2014. The ratio of labor 

income to capital income annually raised the DVA by 0.6 percent before 2008, while it annually 

increased the DVA by 10.1 percent in the subsequent period. The lower panel also shows that 

the contribution of the ratio of labor income to capital income increased in absolute value, with 

-0.7 percent during the period 2000–2005 and 10.6 percent during the period 2010–2014. 
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The change in domestic input coefficients reflects the substitution between domestically 

produced intermediate inputs and imported intermediate inputs. The DVA of China’s exports 

increased annually by 3.7 percent during the period 2000–2014 due to domestic input 

coefficients. This result implies that China’s DVA growth was associated with the substitution 

of domestically produced intermediate inputs for imported intermediate inputs. There are 

variations in different periods. The DVA decreased annually by 2.6 percent due to domestic 

input coefficients during the period 2000–2005. This result implies the substitution of imported 

intermediate inputs for domestic inputs. The domestic input coefficients caused the DVA to 

rise annually by 1.5 and 1.3 percent during the periods 2005–2010 and 2010–2014. Moreover, 

the fourth and fifth columns show that the DVA decreased annually by 0.5 percent during the 

period 2000–2008 and rose annually by 9 percent during the period 2008–2014 due to the 

domestic input coefficients.  

One possible explanation for using imported intermediate inputs over domestic inputs 

during the period 2000–2005 is that China’s WTO entry in 2001 encouraged more Chinese 

firms to import intermediate inputs for production. On the other hand, the result of the 

substitution of domestically produced intermediate inputs for imported intermediate inputs is 

consistent with the study of Kee and Tang (2016). They find that this substitution is caused by 
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trade and foreign direct investment (FDI) liberalization from the mid-2000s. They also show 

that declined input tariffs and increased FDI have led to a greater variety of domestically 

produced materials available at lower prices. The results in this chapter also reveal that the 

reliance on imported intermediate inputs decreased significantly after the 2008 financial crisis. 

Normalized inputs coefficients reflect the substitution between intermediate inputs sectors, 

which include both the domestic and imported intermediate inputs. During the period 2000–

2014, the impact of the change in normalized inputs coefficients was relatively small. The DVA 

of China’s exports annually decreased by 0.9 percent due to normalized inputs coefficients 

during the period 2000–2005. In the two subsequent periods, the DVA annually increased by 

0.2 and 0.4 percent due to normalized inputs coefficients, respectively. The contribution of 

normalized inputs coefficients was relatively large during the periods 2000–2005 and 2010–

2014. The results also show that normalized inputs coefficients annually declined the DVA by 

0.8 percent before 2008, while it raised the DVA annually by roughly 1.5 percent after 2008. 

It implies that the exports of China increasingly rely on intermediate input sectors which create 

more DVA after the 2008 global financial crisis. 

The total exports effect is a dominant factor to affect the growth of DVA. However, the 

annual percentage change in DVA due to total exports shows a downward trend, with 39.8 

percent during the period 2000–2005, 22.7 percent during 2005–2010, and 11 percent during 

the period 2010–2014. The fourth and fifth columns show that the annual percentage change 

in DVA due to total exports declined from 58.9 percent during the period 2000-2008 to 53.8 

percent during the period 2008–2014. These results suggest that the growth of China’s DVA 

was mainly fueled by the expansion of total exports in the sample period. However, as the rate 

of increase in China’s total exports slows down after the mid-2000s, the rise in DVA tends to 

lose its impetus. 

The export structure effect measures the change in DVA of China’s exports due to the 

change in the export structure effect, that is, a given sector’s share of exports to an individual 

destination country. During the period 2000–2005, the DVA decreased by about 1.2 percent 

annually due to the change in the export structure. The export structure effect contributed to 

about 3.5 percent of the total change in the DVA of China’s exports in the same period. The 

change in the export structure effect became trivial in the last two periods, accounting for about 

0.2 and 0.3 percent of the total change in the DVA of China’s exports during the periods 2005–

2010 and 2010–2014, respectively.  

The export destination effect measures how the DVA of exports changes due to the change 
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in the share of an individual export destination in China’s total exports. The results show that 

the contribution of the export destination effect was 0.2 percent during the period 2000–2014. 

The DVA of China’s exports rose annually by roughly 0.1 percent due to the export destination 

effect in the same period. The change in the DVA of exports due to the export destination effect 

was tiny during the sample period. This result implies that the export destination effect is a 

minor factor to affect the change in the DVA of China’s exports. 

In summary, decomposing the DVA of China’s exports yields several notable findings. First, 

the increased wages per person and labor productivity in recent years had positive effects on 

the growth of China’s DVA. Second, capital coefficients lowered China’s DVA during the 

sample period, as the capital requirement per unit of output has declined during recent years. 

Third, the substitution of labor income for capital income played a significant role in the growth 

of China’s DVA during the periods 2005–2010 and 2010–2014. This finding is consistent with 

the fact that Chinese labor costs have increased substantially. In particular, China’s minimum 

wage policy reform in 2004 effectively raised the wages of Chinese labor. Moreover, as an 

increased number of Chinese workers receive higher education, it puts forward to the rise in 

labor productivity and wages of Chinese workers. Fourth, the domestic input coefficients had 

a positive effect on the DVA after 2005. This result implies a substitution of domestic inputs 

for imported inputs for production and exports. Fifth, the total exports effect plays a dominant 

role in the DVA growth of China’s exports during the sample period. However, the change in 

DVA due to the total exports effect showed a downward trend. Finally, the change in DVA due 

to the export structure effect was substantial during the period 2000–2005 and became much 

less pronounced during the periods 2005–2010 and 2010–2014. 

Table 3.3 shows the annual percentage changes in the DVA of exports across the six 

composite industries (agriculture, mining and utility, service, high technology manufacturing, 

medium technology manufacturing, and low technology manufacturing) due to the nine 

determinants. For example, the first column in the upper panel presents the change in DVA of 

agricultural exports during the period 2000–2005 due to changes in the nine determinants. The 

interpretation of the results is focused on high technology manufacturing, medium technology 

manufacturing, and low technology manufacturing because they account for relatively large 

shares in China’s exports 

High technology manufacturing plays an important role in China’s exports. The fourth 

column of Table 3.3 shows several notable findings for the DVA of high technology 

manufacturing exports. First, the DVA of high technology manufacturing exports achieved the 
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highest annual rate of increase among the six composite industries during the period 2000–

2005, rising by roughly 53.6 percent in this period. The magnitude of this annual increase, 

however, showed a downward trend in the next two periods, falling from 30 percent during the 

period 2005–2010 to 12 percent during the period 2010–2014. Second, the expansion of total 

exports served as the most important driving force for the growth of the DVA of high 

technology manufacturing exports throughout the sample period. The annual increase rate of 

DVA due to the total exports, however, decelerated during the periods 2005–2010 and 2010–

2014. Third, another influential factor is the export structure effect. The export structure raised 

the DVA of high technology manufacturing exports annually by 12.4 and 4 percent during the 

periods 2000–2005 and 2005–2010, respectively. However, it decreased the DVA slightly by 

0.6 percent in the last period. Notably, while the DVA of high technology manufacturing 

exports rose due to the export structure effect during the period 2000–2005, the DVA of other 

industries declined during this period. This result is associated with a substantial increase in 

the export share of some high technology manufacturing sectors in total exports. However, the 

export structure effect on high technology manufacturing was trivial in the last two periods. 

Fourth, domestic input coefficients caused the DVA of high technology manufacturing 

exports to fall by 1.6 percent annually during the period 2000–2005, a greater decline than for 

other composite industries in the same period. For example, the DVA of low technology 

manufacturing exports dropped by 0.3 percent annually in the same period. This implies that 

the substitution of imported intermediate inputs for domestically produced intermediate inputs 

played a more substantial role in high technology manufacturing in the early 2000s. Domestic 

input coefficients had a positive effect on the DVA of high technology manufacturing during 

the periods 2005–2010 and 2010–2014. The magnitude of the increase was larger than for other 

composite industries. This result suggests a more significant substitution of domestic inputs for 

imported materials in high technology manufacturing because of trade and FDI liberalization 

in the late 2000s.  

Finally, the results show that labor productivity raised the DVA of high technology 

manufacturing by roughly 6.4 and 5.6 percent annually during the periods 2000–2005 and 

2005–2010, respectively. The magnitude of increase in high technology manufacturing was 

larger than in low and medium technology manufacturing over the same period. Meanwhile, 

capital coefficients played a pronounced role in decreasing the DVA of high technology 

manufacturing exports. The ratio of labor income to capital income exerted a positive effect on 

DVA growth during the last two periods. This result suggests that the relative importance of 



61 

 

labor income increased after 2005.  

 

 

Table 3.3 also shows that during the period 2000–2005, the annual growth rates of the DVA 

of medium technology and low technology manufacturing exports were 36.3 and 28.9 percent, 

respectively. In the period 2005–2010, the annual increase rates of the two industries fell to 

19.4 and 14.4 percent, respectively. During the period 2010–2014, the annual increase rates of 

the two industries fell further to 18.4 and 13.5 percent. A closer inspection of the nine 

determinants reveals that the increase in total exports was the most important driving force of 

the growth of DVA of medium and low technology manufacturing exports, although its 

influence diminished over time. In contrast to high technology manufacturing, the export 

structure effect reduced the DVA of medium technology and low technology manufacturing 

exports during the first two periods. In particular, the DVA of low technology manufacturing 

exports fell annually by 7.3 and 6 percent during the periods 2000–2005 and 2005–2010, which 

was a consequence of the export shares of medium and low technology manufacturing sectors 

in total exports declining after 2000. During the last period, however, the export structure effect 
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raised the DVA of medium and low technology manufacturing exports annually by 5.1 and 2.3 

percent, respectively. Furthermore, domestic input coefficients decreased the DVA of low 

technology manufacturing by a much smaller magnitude than high and medium technology 

manufacturing during the period 2000–2005. This implies that domestic suppliers of low-

technology manufacturing were less affected by entry into the WTO. Similar to the results for 

high technology manufacturing, capital coefficients had a negative effect on the growth of 

DVA of medium and low technology manufacturing exports, while labor productivity and 

wage per person exerted positive effects. Consistent with the overall results, the ratio of labor 

income to capital income reduced the DVA of medium technology and low technology 

manufacturing exports during the period 2000–2005. And the ratio of labor income to capital 

income increased DVA in the subsequent two periods, though not to the same magnitude as 

high-technology manufacturing.  

The DVA of service exports increased annually by 22.9 and 33.3 percent during the periods 

2000–2005 and 2005–2010, with the annual increase rate of the DVA of service exports being 

the highest among the six composite industries in the second period, although its increase rate 

fell to 9.6 percent during the period 2010–2014. The contribution of labor productivity and 

wage per person to the growth of DVA in service exports was pronounced prior to 2010, 

however, it decreased during the period 2010–2014. Moreover, the negative effect of capital 

coefficients continued throughout the sample period. It was also observed that the DVA of 

service exports decreased due to the ratio of labor income to capital income during the period 

2000–2005, but this reversed in the following two periods. This result implies that the increased 

labor income relative to capital income predominated the growth in the DVA of service exports. 

The effect of domestic input coefficients on the DVA of service exports was small and negative 

during the period 2000–2005. This result means that entry into the WTO had a limited impact 

on service sectors. In the subsequent periods, domestic input coefficients had a small but 

positive effect on the growth of the DVA of service exports.  

With respect to the changes in the DVA of agriculture and mining and utility industries, 

several noticeable findings are obtained. First, the annual increase rates of the DVA of 

agriculture and mining and utility exports were smaller than those of service and manufacturing 

industries. The change in export structure had a significantly negative impact on the DVA of 

agriculture and mining and utility exports during the first two period. Second, the ratio of labor 

income to capital income had a positive effect on the DVA of agricultural product exports 

throughout the sample period. This finding suggests that the substitution of labor income for 
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capital income dominated the DVA growth in agricultural product exports. Third, the export 

structure effect declined the DVA of agriculture and mining and utility exports significantly. 

This result was related to declined export shares of agriculture and mining and utility industry 

in total exports.  

The results in this subsection show that the three manufacturing industries had relatively 

high annual growth rates of DVA of exports during the periods 2000–2005 and 2010–2014, 

while service outpaced the three manufacturing industries during the period 2005–2010. 

China’s entry into the WTO in 2001 impacted the DVA of the six composite industries 

differently. For example, the substitution of imported intermediate goods for domestic 

materials had a larger impact on the high and medium technology manufacturing industries 

during the period 2000–2005 and exerted a smaller effect on low technology manufacturing 

and the service sector. Another significant finding is that the export structure effect had a 

positive effect on the DVA of high technology manufacturing exports during the periods 2000–

2005 and 2005–2010 but had negative effects on the agriculture, mining and utility, medium 

technology, and low technology manufacturing industries in the same periods. This result 

implies that the DVA growth of high technology manufacturing exports is associated with an 

increased export share of high technology manufacturing products in China’s total exports.   

 

3.4.4 Decomposing the Change in the DVA of Japanese and US Exports  

The changes in the DVA of Japanese and US exports are also decomposed into nine 

components by applying the SDA approach. Table 3.4 presents the results in the case that the 

change in DVA of Japan’s exports is decomposed during the periods 2000–2005, 2005–2010, 

and 2010–2014. The DVA of Japan’s total exports increased annually by 4.3 and 4.4 percent 

during the first two periods, respectively, whereas it decreased annually by 3.1 percent during 

the last period. Several features are notable in the DVA of Japan’s exports. First, the total 

exports effect is the most prominent factor for the DVA growth of Japan’s exports during the 

first two periods. However, the DVA of Japan’s exports decreased annually by 0.6 percent due 

to the total export effect during the last period.  

Second, the DVA of mining and utility exports rose annually by 25.2 percent due to the 

export structure effect during the period 2000–2005. This result suggests that the export 

structure effect made a significant contribution to the growth of DVA of mining and utility 

exports in this period. Third, the DVA of Japan’s exports in most industries declined due to 

capital coefficients during 2000–2005 and 2005–2010 (except for service and high technology 
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manufacturing industry). The change in capital coefficients had a positive effect on the DVA 

of service, medium technology manufacturing, and mining and utility exports during the period 

2010–2014. Fourth, the change in the ratio of labor income to capital income had a negative 

effect on the DVA of Japan’s exports during the periods 2000–2005 and 2010–2014 but had a 

positive effect on it during the period 2005–2010. Notably, the ratio of labor income to capital 

income had a pronounced impact on medium technology manufacturing industry, as DVA 

decreased by more than 10 percent during the period 2010–2014. Fifth, the changes in labor 

productivity and wage per person (that is, the decrease in the ratio of labor inputs to labor 

income) had positive impacts on the DVA growth of most industries during the periods 2000–

2005 and 2010–2014. However, the labor productivity and wage per person exerted a negative 

effect on the DVA of Japan’s exports in most industries during the period 2005–2010. The 

largest decline in the DVA of Japan’s exports in this period was in medium technology 

manufacturing industry. Compared with China, the magnitudes of the change in the DVA of 

Japan’s exports due to labor productivity and wage per person were relatively small. Finally, 

the DVA of Japan’s exports of all industries declined due to domestic input coefficients during 

the period 2010–2014. It fell by 1.2 percent annually during this period. This result implies an 

increased reliance on imported inputs for production activities. The decline in domestic input 

coefficients was pronounced in the mining and utility industry, high and medium technology 

manufacturing industries during the last period.  
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Table 3.5 shows the results in the case that the change in DVA of US exports is decomposed 

during the periods 2000–2005, 2005–2010, and 2010–2014. The DVA of US total exports rose 

constantly throughout the sample period, and its annual growth rates ranged between 3.6 and 

8.1 percent over the three periods. The most significant annual increase in the DVA of US 

exports was observed in the industry of mining and utility during the periods 2000–2005 and 

2005–2010, while the DVA of medium technology manufacturing exports exhibited the highest 

annual growth rate during the period 2010–2014. An inspection of the nine determinants for 

the DVA of US exports reveals some noticeable features. First, the total export effect was the 

dominant factor of the increase in DVA of US exports, which was similar to the result for China. 

In addition, it is worthwhile to note that the industry of mining and utility experienced a 

dramatic growth of DVA due to the export structure effect over the first two periods. Second, 

labor productivity made a sizable contribution to the growth of DVA of US total exports. 

Specifically, the DVA rose by 1 percent due to the labor productivity during the first two 

periods, respectively. And it rose by 0.4 percent due to the labor productivity in the last period. 
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Third, the ratio of labor inputs to labor income had negative signs throughout the sample period, 

which means that the rise in the wage per person has a positive effect on the growth in DVA 

of US exports. Fourth, the capital coefficients had positive effects on the DVA of US exports 

during the periods 2000–2005 and 2005–2010, which implied that more capital inputs were 

needed for one unit of output. However, the capital coefficients exerted a negative effect on the 

DVA of US total exports during the period 2010–2014, reducing the DVA of US exports 

annually by 0.2 percent. Fifth, the ratio of labor income to capital income decreased the DVA 

of US exports, which suggested a substitution of capital income for labor income in the first 

two periods. In the last period, however, the ratio of labor income to capital income increased 

the DVA of US exports, which implied a modest substitution of labor income for capital 

income in the last period. Finally, domestic input coefficients had slightly negative impacts on 

the DVA of most industries, which implied an increased dependence on imported intermediate 

inputs in the production even though the magnitude of increase was modest. Particularly, these 

large declines in DVA due to domestic input coefficients were found in manufacturing 

industries. This result can be explained by the fact that more US manufacturing production 

activities has been offshored.   
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The DVA of Chinese, Japanese, and US exports shows different patterns of change. A 

comparison between China and Japan implies some interesting findings. First, the DVA of 

China’s exports increased constantly throughout the sample period. On the other hand, the 

DVA of Japan’s exports increased during the periods 2000–2005 and 2005–2010 but decreased 

during the period 2010–2014. Second, by decomposing the change in the DVA of exports, we 

find that the increase in the DVA of China’s exports was largely attributed to the total export 

effect, which was also the dominant factor in the growth of the DVA of Japan’s exports during 

the periods 2000–2005 and 2005–2010. However, the total export effect led to a decline in the 

DVA of Japan’s exports during the period 2010–2014. The reduction in Japan’s total exports 

could be attributed to The Great East Japan Earthquake in 2011. This natural disaster generated 

damage to domestic supply chains, leading to declines in production and exports. Third, capital 

coefficients had a negative effect on the DVA of China’s exports throughout the sample period. 

The DVA of China’s exports also increased due to the substitution of labor income for capital 

income after 2005. This result implies that labor income has become more important than 

capital income in explaining the DVA growth of China’s exports. In the case of Japan, the 
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effects of capital coefficients and the substitution of labor income for capital income were 

ambiguous, as the results varied over different periods. For example, capital coefficients had a 

negative effect on the DVA growth of Japan’s exports during the period 2005–2010 but had a 

positive effect on it during the period 2010–2014.  Fourth, the increase in labor productivity 

and wage per person contributed largely to the DVA growth of China’s exports. However, the 

effects of labor productivity and wage per person on the DVA growth of Japan’s exports were 

ambiguous during the sample period. For example, labor productivity had a positive impact on 

the DVA growth of Japan’s exports during the period 2000–2005 but had a negative effect on 

it during the period 2005–2010. Steinberg and Nakane (2011) show that the labor productivity 

of Japan declined substantially due to the 2008 global financial crisis. They explain that 

Japanese firms preserved employment even though the outputs declined during the global 

recession, which resulted in the reduction of output per employee or labor productivity. Finally, 

the substitution of domestic intermediate inputs for imported materials had a positive effect on 

the DVA of China’s exports after 2005. This result suggests that the exports of China are 

relying less on imported intermediate inputs. On the other hand, the DVA of Japan’s exports 

declined due to the substitution of imported intermediate inputs for domestic inputs. This result 

implies that the exports of Japan are increasingly dependent on intermediate inputs supplied by 

foreign producers. 

A comparison between China and the US also yields some interesting results. First, the DVA 

of both China’s and US exports increased steadily throughout the sample period. However, the 

magnitude of the increase in the DVA of China’s exports was much larger than that of the US. 

Second, the increase in the DVA of both China’s and US exports was due largely to the total 

export effect. Third, during the first two periods, capital coefficients were associated with an 

increase in the DVA of US exports and a decrease in the DVA of China’s exports. Capital 

coefficients had a negative effect on the DVA of both China and US exports during the last 

period. Fourth, the growth of DVA of China’s and US exports was associated with a greater 

increase in capital income relative to labor income during the first period and a greater increase 

in labor income relative to capital income during the last periods. However, the results for the 

two countries are different in the second period. Fifth, labor productivity and wage per person 

had positive effects on the DVA growth of both Chinese and US exports. Finally, US exports 

are increasingly reliant on intermediate inputs supplied by foreign producers. This result is 

different from China.   
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3.5 Conclusion 

Using input–output tables from the WIOD, this chapter calculates the DVA of China’s exports 

at the country and composite industry levels during the period 2000–2014. The DVA of China’s 

exports shows an overall upward trend. Moreover, the DVA share is used as a proxy to measure 

the gap between the DVA and gross exports. Notably, the DVA share of China’s high 

technology manufacturing exports is lower than that of other industries, which implies that 

China’s high technology manufacturing relies heavily on imported intermediate inputs. For 

comparison, this chapter also calculates the DVA of Japan’s and US exports during the period 

2000–2014. The DVA share of China’s high technology manufacturing exports is lower than 

that of Japan and the US. 

This chapter also examines the factors that affect the change in the DVA of China’s exports. 

Using a modified SDA approach, the increase in the DVA of China’s exports is decomposed 

into nine determinants. The main contribution of this chapter is to explore how capital 

coefficients, labor productivity, wage per person, and the substitution of labor income for 

capital income affect the change in the DVA of exports. The results show that the total export 

effect is the dominant factor that affects the change in the DVA of China’s exports. The rise in 

the DVA of China’s exports is also associated with the substitution of labor income for capital 

income together with increasing labor productivity and wages per person. Capital coefficients 

have a negative effect on the growth of the DVA of China’s exports. We confirm that the 

substitution of domestic intermediate inputs for imported materials contributes to the increase 

in the DVA of China’s exports after the mid-2000s. This result implies a decreasing reliance 

of China on imported intermediate inputs. This chapter also quantifies the factors that affect 

the change in the DVA of Japan’s and US exports. Compared with China, the substitution of 

capital income for labor income and the increase in capital coefficients have larger effects on 

the DVA growth of Japan’s and US exports. Moreover, the production of Japan and the US is 

associated with an increasing reliance on imported intermediate inputs. 

This chapter provides empirical evidence to explore the patterns of change of the DVA of 

exports, but a theoretical model is still required to examine the relationship between the DVA 

of exports and determinants, including capital coefficients, labor productivity, wage per person, 

and the substitution of labor income for capital income. In addition, the empirical analysis 

described so far is implemented at the industry and country levels. Many studies have noted 

that export performance is largely associated with firm-specific factors such as trade regimes, 

revenue, or employment. A limitation of the examination using input–output tables is that it 
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cannot account for firm heterogeneity. Thus, the next chapter considers firm heterogeneity in 

examining the export performance of Chinese firms. 
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Chapter 4 Export Performance of Multi‐Product Firms: Evidence from Chinese Firm-

level Data 

4.1 Introduction 

In the field of international trade, one of the issues that researchers have deep interest is the 

extent to which international trade is increasingly dominated by a few firms. The top one 

percent of firms account for approximately 90 percent of the value of US trade, even though 

they account for only approximately 15 percent of employment. One reason that such a 

concentration in international trade occurs is that larger exporters not only export a larger 

number of products to a particular destination country than smaller exporters but also export 

more products to more destinations (Bernard et al. 2012). Bernard et al. (2007) show that on 

the one hand, roughly 40 percent of exporting firms in the US export a single product to a single 

destination. These firms account for less than one percent of US export value. On the other 

hand, 12 percent of the US firms that export more than five products to more than five 

destinations account for more than 90 percent of the US export value.  

A large volume of empirical studies has examined firms participating in international trade 

and revealed significant heterogeneity across firms. Specifically, exporters are superior to non-

exporters in terms of productivity, output, wages, skill-intensity, and capital-intensity. 

However, these studies typically assume that each firm produces a single product. With the 

prevalence of the multi-product and multi-destination exporters, recent studies have begun to 

develop theoretical models to explain how heterogeneous firms choose the scope of their 

products and export destinations and why some firms export one product while others export 

multiple products. The multi-product firm model of Bernard, Redding and Schott (2011) 

predicted that high-productivity firms are more likely to enter the exporting market, supply a 

larger number of products to each market, and serve a wider range of destination markets.  

Medium-productivity firms only serve the domestic market, while low-productivity firms exit. 

This chapter applies the framework of the multi-product firm model to examine the 

performance of Chinese exporters. An important implication of the multi-product firm model 

sheds light on the mechanisms through which heterogeneous firms optimally select the range 

of product varieties and destination countries to serve. This model is also useful for 

investigating how production process and export structures are affected by firm-level 

productivity. The research on multi-product firms allows for a more detailed decomposition of 
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exports than earlier researches which used aggregate trade flows across firms. The recent 

availability of transaction-based datasets provides detailed information about the variety of 

products that a particular firm exports, and the range of destination countries to which a firm’s 

exports are shipped. These data allow researchers to explore both the extensive and intensive 

margins of exports. The extensive margin of exports reflects the scope of exported products 

and export destination countries, while the intensive margin of exports includes the average 

firm-level exports of a firm per product per destination country. Since trade has become an 

essential part of most countries’ development strategies, the study of a firm’s performance 

through its extensive and intensive margins of exports provides significant suggestions for the 

economic growth of many developing countries.  

This chapter will focus on the question of how the change in productivity affects the export 

performance of Chinese firms. Following the empirical strategy of Bernard, Van Beveren and 

Vandenbussche (2014), we decompose China’s total exports into extensive and intensive 

margins. Specifically, extensive margins of exports include the number of exported products 

and export destinations. On the other hand, the intensive margin is measured by the average 

firm-level exports per product-country and the exports of the firm’s largest product. The study 

of Bernard, Redding and Schott (2011) argues that the extensive margin of exports is positively 

associated with firm-level productivity, while the intensive margin of exports has an 

indeterminate relationship with firm-level productivity. Using Chinese firm-level data, this 

chapter aims to provide empirical evidence to confirm this theoretical prediction. In addition, 

Chinese firms participate in international trade through various types of trade regimes, such as 

ordinary and processing exports. To complement the existing literature, this chapter also 

examines the effect of firm-level productivity on the extensive and intensive margins of firms 

in various types of trade regimes.  

There are several reasons that China is an interesting example for this type of analysis. First, 

its WTO entry in 2001 accelerated trade liberalization in the country, which further encouraged 

China to embrace global value chains (GVCs). Imbruno (2016) documents a substantial 

reduction of import tariff after the WTO entry, with the average tariff at the product level down 

from 16.3 percent in 2000 to 9.5 percent in 2006. Trade liberalization has a profound effect on 

firm performance such as exports, imports, productivity, and markups (Brandt, Van 

Biesebroeck and Zhang 2012; Brandt et al. 2017). Second, engaging in processing exports leads 

firms to incur lower fixed costs and receive favoring industrial and trade policies such as special 

tariff treatments. Some studies have demonstrated that Chinese firms engaging in processing 
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exports are very different from those engaging in non-processing exports in terms of firm size, 

productivity, profitability, wages, capital intensity, and skill-intensity (Fernandes and Tang 

2015; Dai, Maitra and Yu 2016). Processing exporters also respond differently to trade 

liberalization according to the extent to which they are involved in ordinary and processing 

exports (Yu 2015; Brandt and Morrow 2017). Thus, it is necessary to account for this different 

performance of firms engaging in ordinary and processing exports. 

This chapter uses a Chinese firm-level dataset during the period 2000–2006, which includes 

the firm’s balance sheet information, such as intermediate inputs, outputs, capital stock, and 

employment, and disaggregated trade data, such as the value and quantity of the shipment, 

product varieties, export destinations, and trade regimes (e.g., ordinary and processing trade). 

Using this dataset, we estimate firm-level total factor productivity (TFP) to reflect the 

productivity of firms. One of the significant features of Chinese customs data is that it separates 

trade data into ordinary exports and processing exports. Exporting firms in China are divided 

into those only involved in ordinary exports (referred to as ordinary exporters), those only 

involved in processing exports (referred to as processing exporters), and those involved in both 

ordinary and processing exports (referred to as mixed exporters). Thus, this chapter will 

examine the export performance of Chinese firms involved in different trade regimes. 

Under the above settings, we find several major results. First, Chinese firms with high 

productivity, more employees, and longer histories tend to have larger total exports. 

Furthermore, the total export value is decomposed into extensive and intensive margins. The 

productivity of Chinese firms is positively associated with the number of products and 

destination countries, the average firm-level exports per product-country, and the export value 

of the firm’s largest product. These results are generally consistent with the predictions in 

Bernard, Redding and Schott (2011). Second, as noted above, the exporters are divided into 

three groups: ordinary exporters, processing exporters, and mixed exporters. The estimation 

result shows that ordinary exporters with higher productivity tend to have a wider range of 

products and destination countries, larger average firm-level exports per country-product, and 

larger exports of their largest (top-exporting) products. Third, processing exporters with higher 

productivity tend to export more products and serve a wider range of destination countries, 

have larger average firm-level exports per country-product, and concentrate on the top-

exporting product. However, the relationship between productivity and the average firm-level 

exports per product-country is unclear. Fourth, high-productivity mixed exporters have more 

products, larger average firm-level exports per product-country, and larger exports of their top-
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exporting products. Moreover, mixed exporters with higher productivity have a larger share of 

processing exports in their total exports.  

 The rest of this chapter is organized as follows. Section 4.2 reviews the previous literature 

related to this chapter. Section 4.3 documents some preliminary evidence to compare the 

ordinary and processing exports in China. Section 4.4 demonstrates the empirical strategies 

adopted in this chapter. Section 4.5 gives a description of the data sources. Section 4.6 presents 

the estimation results. The final section concludes.  

4.2 Literature Review 

This chapter is related to several strands of literature. International trade research has changed 

dramatically as its focus has shifted from the levels of industries and countries to the levels of 

firms and products. As a wide range of micro-level data becomes available, empirical research 

has come to show that exporters and importers account for only a small proportion of producers 

across many countries. From such empirical studies, it becomes clear that exporters and 

importers are more productive, larger, more skill-intensive, and pay higher wages than firms 

only serving the domestic market. This fact suggests a self-selection effect: exporters are more 

productive, not because the entry into the global market makes them improve, but because only 

firms which are by nature productive can overcome obstacles to enter the export market. Recent 

international trade models have made remarkable improvements in explaining patterns of trade 

and productivity increases by incorporating heterogeneous characteristics of firms. The 

seminal work of Melitz (2003) modeling heterogeneous firms leads to noticeable progress of 

recent international trade research. The key feature of this model is that lower-productivity 

firms are mainly concerned with covering their fixed costs (or exit the market), while higher-

productivity firms decide whether to cover the domestic market only or engage in serving both 

domestic and foreign markets. Recent studies in international trade theory have devoted to 

generalizing or extending this basic model, such as the interaction between comparative 

advantage and heterogeneous firms (Bernard et al. 2007) and variable markups and market size 

(Melitz and Ottaviano 2008). 13 

The empirical analysis in this chapter is based on the predictions of recent theoretical models 

of multi-product firms. Extending Melitz (2003) single-product model, Bernard, Redding and 

Schott (2011) develop a general equilibrium model, in which firms export multiple products 

 
13 Melitz and Redding (2014) provide a comprehensive overview of the theoretical literature on heterogeneous firms and trade. 
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and serve multiple destination countries. Firms’ abilities to produce a particular product depend 

on the attributes of both the firm and product. Based on these attributes, firms choose whether 

to serve specific export destinations or which products to supply to those export destinations. 

Each firm observes an initial productivity level after incurring a sunk cost. Moreover, firms 

incur fixed costs in production to export each product to a particular destination country. High-

productivity firms generate larger profits to cover the fixed cost of production. Thus, productive 

firms export a larger number of products to each destination country. Bernard, Redding and 

Schott (2011) argue that higher productivity is associated with a larger share of products 

exported by the firm to a given country, and a larger number of countries to which a given 

product is exported by the firm. High-productivity firms tend to increase the exports of a given 

product to a given country but have an ambiguous effect on average firm-level exports per 

product per destination country. 

The model in Eckel and Neary (2010) indicates that multi-product firms adjust their product 

mix in response to the circumstance in international market by keeping those for which they 

have “core competence” and dropping those produced less efficiently. In the model of Mayer, 

Melitz and Ottaviano (2014), firms are assumed to face a product ladder in which productivity 

and quality decline discretely for each additional variety produced. They predict that firm sales 

tend to concentrate on higher-productivity or higher-quality products in more competitive 

markets. 

On the empirical side, Bernard et al. (2007) provide comprehensive evidence on firms’ 

heterogeneity and the multi-product firms in international trade. Using Hungarian firm-level 

data, Görg, Kneller and Muraközy (2012) find that firms with higher productivity are less likely 

to drop their products from the export mix. Bernard, Van Beveren and Vandenbussche (2014) 

examine multi-product exporters in Belgium, showing that more productive firms export more 

products to more countries and have higher average firm-level product-country export flows. 

The extensive and intensive margins of exports are equally important in total firm exports. 

Using Chinese customs data, Manova and Yu (2017) find that Chinese firms concentrate on 

their core product varieties by shifting towards high-quality products on the intensive margin 

and by dropping low-quality goods on the extensive margin. Regis (2018) finds that higher 

productivity exerts a positive effect on both extensive and intensive margins of exports for a 

wide range of developing countries.14 To complement the existing literature, this chapter uses 

 
14 Other empirical studies include Iacovone and Javorcik (2008) for Mexico, Arkolakis and Muendler (2010) for Brazil, and 

Mayer, Melitz and Ottaviano (2014) for France. 
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China’s firm-level production data and customs statistics to examine the relationship between 

trade margins and productivity.  

Furthermore, a large volume of works have investigated the characteristics of China’s 

exports by different trade regimes (Fernandes and Tang 2015; Yu 2015; Dai, Maitra and Yu 

2016; Manova and Yu 2016; Brandt et al. 2017). Most of these studies use China’s firm-level 

production database and product-level trade data during the period 2000–2006, which divide 

the trade into different regimes. Fernandes and Tang (2015) document that in comparison with 

firms involved in processing exports, firms involved in ordinary exports are smaller in size but 

more diversified in products and destinations within the same industry. Dai, Maitra and Yu 

(2016) find that processing exporters are less productive than non-processing exporters and 

non-exporters. Meanwhile, processing exporters have lower profitability, lower wages, lower 

research and development (R&D) expenditures, and lower skill-intensity. The impact of trade 

liberalization on firm-level productivity is also an important topic in empirical trade research. 

A common result in the existing literature shows that tariff reduction tends to have a positive 

effect on a firm’s productivity (Amiti and Konings 2007; Goldberg et al. 2010; Topalova and 

Khandelwal 2011). Using China’s firm-level data, Yu (2015) examines how tariff reduction 

affects the productivity of Chinese firms, which are further divided into two firm groups 

according to trade regimes: processing firms and non-processing firms. Both types of firms 

have positive impacts on their productivity from tariff reduction. However, the positive impact 

of tariff reduction on non-processing firms is larger than that on processing firms. 

Different from the previous studies which focus on pure ordinary and processing exporting 

firms, this chapter documents the important role of mixed exporters that engage in both 

ordinary and processing exports. The Chinese exporters will be divided into three groups: 

ordinary exporters, processing exporters, and mixed exporters. Comparing the three firm 

groups yields novel empirical evidence relevant to the firm heterogeneity of Chinese exporting 

firms. The results provide new insights into how participation in GVCs affects the performance 

of Chinese firms. 

4.3 Preliminary Results for Ordinary and Processing Trade 

For the past decades, China has used a set of policy tools to promote export activities. Since 

the mid-1980s, the formation of processing trade has enhanced the relationship between local 

firms and overseas companies seeking to offshore production process to China. Processing 

trade firms exempt from duties of imported inputs as long as they are used for further 
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processing, assembly, and ultimately re-exporting on behalf of foreign buyers. As an important 

means of trade liberalization, the Chinese government encourages firms to import raw materials 

and intermediate inputs, and re-export final goods after local processing or assembly.  

Two broad trade regimes are classified by Chinese customs authorities: ordinary trade and 

processing trade. Processing trade is officially defined as “business activities in which the 

operating enterprise imports all or part of the raw materials, spare parts, components, and 

packaging materials, and re-exports finished products after processing or assembling these 

materials or parts” (Manova and Yu 2016). A firm conducting processing trade can claim 

import-duty exemption only if, at the time of importing, it shows the agreement with a foreign 

buyer to whom it will export the processed goods. Thus, Chinese firms are allowed to 

participate in international trade via ordinary and processing trade. The differences between 

the two trade regimes generate trade-offs between ex-ante costs and ex-post profits: more 

profitable export modes are associated with higher up-front expenditures. Thus, firms with 

limited access to resources, such as capital, technology, or marketing, are forced into less 

profitable trade regimes (Manova and Yu 2016). In addition, firms engaging in processing 

exports typically receive orders from foreign buyers for further processing, which is associated 

with lower fixed costs. Since the production of processing firms is more subject to the orders 

of foreign clients, they are likely to face less uncertainty. This would encourage processing 

firms to have larger initial export sales and serve more destination markets (Fernandes and 

Tang 2015). 

Figure 4.1 shows the comparison between China’s processing and ordinary exports during 

the period 2000–2019. The change in ordinary exports shows an overall upward trend during 

the sample period, rising from $105 billion in 2000 to $1444 billion in 2019. On the other hand, 

processing exports rose from $138 billion in 2000 to $884 billion in 2014. Afterward, it turned 

to a downward trend during the period 2014–2019, with $735 billion in 2019. This figure also 

shows that the share of processing exports in China’s total exports was larger than that of 

ordinary exports during the period 2000–2010, which implied that processing exports 

contributed more to China’s exports growth during the period. However, this tendency reversed 

from 2011 as the share of ordinary exports surpassed that of processing exports. Overall, the 

share of processing exports in China’s total exports declined from 55 percent in 2000 to 29 

percent in 2019. On the contrary, the share of ordinary exports in China’s total exports 

increased from 42 percent in 2000 to 58 percent in 2019. The strong presence of ordinary 

exports in total exports over the recent two decades reflects that the importance of ordinary 
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exports has been growing relative to processing exports.  

 

 

4.4 Measures and Empirical Strategies 

The multi-product firm model predicts the relationship between the underlying firm 

productivity and the margins of trade. The number of export destinations served and products 

exported is expected to rise in response to higher firm productivity, while the average firm-

level exports to a particular destination or average exports per product-destination may or may 

not rise due to the confounding effects of increasing exports within product-country and the 

arrival of new marginal products and countries. This section examines the effect of Chinese 

firm’s productivity on the export performance. For this purpose, we provide explanations about 

the measurement of TFP, the decomposition of total exports, and the regression framework.   

4.4.1 Measurement of TFP 

This chapter uses the Olley and Pakes (1996) approach to construct measures of Chinese 

firm-level TFP. Traditionally, the TFP is measured as the deviation between observed output 

and the estimated output. In the traditional sense, the TFP is considered as the “residual” 

productivity level after deducting the contribution of input factors, and accounts for the 

contribution of non-production inputs such as technological progress and institutional 

improvement. However, the estimation by the ordinary least squares (OLS) approach suffers 

from two problems: simultaneity bias and selection bias. Olley and Pakes (1996) provide a 
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semiparametric approach to address the two biases. Several studies such as Levinsohn and 

Petrin (2003) and De Loecker (2011) have modified the approach of Olley and Pakes (1996) 

to calculate the firm-level TFP. Recent studies such as Yu (2015) and Brandt et al. (2017) also 

tailor the method to estimate the TFP of Chinese firms.15 The TFP is usually estimated based 

on macro-level data, such as total outputs, total fixed assets, and employment at the industry-

level. In recent years, the emergence of statistical data at the firm-level has made it possible to 

estimate TFP at the micro-level. 

To estimate the TFP, the Cobb-Douglas production function is the most commonly used. 

Specifically, the production function is expressed as follows: 

 

 𝑦𝑖𝑡 = 𝛽0 + 𝛽𝑘𝑘𝑖𝑡 + 𝛽𝑙𝑙𝑖𝑡 + 𝛽𝑚𝑚𝑖𝑡 + 𝑢𝑖𝑡, (4.1) 

 

where 𝑦𝑖𝑡 denotes the output of firm i in time period t. Let 𝑘𝑖𝑡 , 𝑙𝑖𝑡 , and 𝑚𝑖𝑡  refer to the 

logarithm of capital stock, labor input, and intermediate input, respectively. The error term  𝑢𝑖𝑡  

captures the TFP. Traditional estimation of TFP is based on equation (4.1). When the above 

OLS estimation is applied to the firm-level TFP estimation, measurement problems are 

inevitable. The most troublesome issue is the correlation between unobservable productivity 

shocks and input levels, namely, simultaneous bias. In the actual production process, profit-

maximizing firms tend to expand their outputs in response to productivity improvement, which 

requires more intermediate inputs. On the other hand, negative productivity shock leads firms 

to reduce their outputs and the use of intermediate inputs. In this case, if the error term 

represents the TFP, then the error term and the regression term are correlated, which will cause 

the OLS estimation to be biased. 

Another problem that is easily generated in the course of estimating the production function 

is the selection bias. It is mainly caused by the correlation between productivity and the 

probability that firms exit the market. Generally, because large-scale firms often have higher 

expectations for future earnings and will not easily exit the current market, firms with large 

capital stock at a given level of productivity are more likely to stay in the market than those 

with smaller capital stock at the same level of productivity. This leads to a negative correlation 

between the firm’s decision on capital input and productivity conditional on its survival. Thus, 

the estimated coefficient for the capital stock is prone to underestimation bias.  

This chapter estimates Chinese firm-level TFP during the period 2000–2006 following the 

 
15 Van Beveren (2012) provides a comprehensive review of the TFP estimation at the firm level. 
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approach of Olley and Pakes (1996). As mentioned above, to addresses the problems of 

simultaneous bias and selection bias, the study of Olley and Pakes (1996) develops a 

semiparametric method to control for these biases by using investment to proxy for an 

unobserved time-varying productivity shock, and the selection problems are addressed by using 

survival probabilities. The detailed explanation about the approach of Olley and Pakes (1996) 

is provided in Appendix B. 

4.4.2 Extensive and Intensive Margins of Exports 

This chapter follows the empirical strategy in Bernard, Van Beveren and Vandenbussche 

(2014), which examines the relationship between the margins of exports and firm-level 

productivity. A firm’s total exports 𝐸𝑖  can be decomposed into the number of destination 

countries served 𝐶𝑖 , the number of distinct products exported 𝑆𝑖 , a measure of coverage or 

density that corresponds to the share of the firms exported products sent to the average 

destination 𝐷𝑖, and the average firm-level exports per product-country �̅�𝑖. 

 

 𝐸𝑖 = 𝐶𝑖𝑆𝑖𝐷𝑖�̅�𝑖, (4.2) 

 

where 𝐷𝑖 = 𝑂𝑖/(𝐶𝑖𝑆𝑖)  and �̅�𝑖 = 𝐸𝑖 𝑂𝑖⁄ . And 𝑂𝑖  refers to the number of firm-level export 

transactions at the product-country level. The measure of density 𝐷𝑖  considers how many 

product-country combinations are being actively served by the exporter. For example, if the 

firm exports 10 unique products and exports to 10 destination countries, then the total possible 

number of product-country combinations is 100. In the case that the firm exports 3 products to 

each destination country, then the actual number of product-country combinations is 30. The 

density of export activity for this firm will be 0.3. A high density implies that the firm is more 

likely to distribute each of its products to each of its export destination countries. On the other 

hand, a low density implies that the firm exports a small number of products to each of its 

destination countries.  

4.4.3 Empirical Specification 

To investigate the effects of firm-level productivity on the extensive and intensive margins 

of exports, the baseline estimation of this chapter will use the following empirical framework: 
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 𝑙𝑛 𝐸𝑖𝑡 = 𝜆 𝑙𝑛 𝑇𝐹𝑃𝑖𝑡 + 𝛾1𝐶𝑜𝑛𝑡𝑖𝑡  + 𝛾2𝐷𝑢𝑚𝑚𝑦𝑖 + 𝛿𝑖 + 𝛿𝑡ℎ + 𝜀𝑖𝑡, (4.3) 

 

where 𝐸𝑖  refers to the firm-level export value or means its four components of the 

decomposition given by equation (4.2), which includes the number of destination countries 𝐶𝑖, 

the number of distinct products 𝑆𝑖, a measure of density 𝐷𝑖, and the average firm-level exports 

of a firm per product-country �̅�𝑖 , and an alternative measure of intensive margin. The 

coefficient for TFP is of main interest, which is predicted to be positively correlated with the 

aggregate exports. Many studies point to self-selection effect that more productive firms are 

more likely to enter export markets. Thus, a positive coefficient 𝜆 implies that firms with high 

productivity tend to have a larger export value. Several recent studies based on multi-product 

firm model also investigate the effects of productivity on export performance through the 

extensive and intensive margins. In equation (4.3), the extensive margin of exports is measured 

by 𝐶𝑖, 𝑆𝑖, and 𝐷𝑖. The coefficient 𝜆 is expected to be positive when the dependent variable is 

𝐶𝑖 or 𝑆𝑖, while the coefficient 𝜆 is negative when the dependent variable is 𝐷𝑖. Moreover, the 

intensive margin is measured by �̅�𝑖, and its coefficient is predicted to be ambiguous in the 

model. The export value of the firm’s largest product is an alternative measure of intensive 

margin. As firms tend to drop its unsuccessful products and focus on its more successful 

products, its coefficient is expected to be positive. In addition, control variables (𝐶𝑜𝑛𝑡𝑖𝑡 ) 

including the number of employees, fixed capital stock, and the firm age are used in the 

specification. Dummy variables indicate whether the firm is state-owned, foreign-invested, or 

private firms. 𝛿𝑖 and 𝛿𝑡ℎ are firm and year-sector fixed effects, respectively.  

4.5 Data Sources 

This section will provide an explanation for the data sources used in the analysis of this chapter. 

First, merging the firm-level production and customs databases of China enables us to examine  

an index of new dimensions of international trade, such as the concentration of exports, the 

product scope, and destination countries that firms export. Second, the results show the 

distribution of different types of firms in the sample data. Finally, the section illustrates the 

prevalence of multi-product and multi-destination firms. 
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4.5.1 Data Sources 

This chapter uses two micro-datasets to evaluate the export performance of Chinese firms: 

(1) the Chinese Annual Survey of Industrial Firms (CASIF) from the National Bureau of 

Statistics of China (NBS) and (2) the Chinese Customs Trade Statistics (CCTS). The CASIF 

dataset is an annual survey covering main types of manufacturing firms in China, such as state-

owned enterprises, foreign-invested enterprises, and other types of enterprises, with annual 

sales over RMB 5 million (around $770,000). The firms in the sample account for about 95 

percent of China’s manufacturing outputs. The database includes about 100 variables providing 

basic characteristics of manufacturing firms such as firm identification number, company name, 

contact telephone number, postal code, specific address, industry, ownership structure, 

affiliation, opening year, and the number of employees. In addition, financial information is 

also included, such as total production output, the use of intermediate materials, fixed capital 

assets, total wages, and value-added. Following Yu (2015), this chapter eliminates 

misreporting observations to clean the data. First, the duplicates and abnormal values are 

dropped from the sample, and the observations with missing critical values such as profits, 

inputs, employment, and fixed assets are then removed. Second, the small-scale firms with less 

than eight employees are removed to rule out extreme values. Third,  from the sample, we drop 

the firms that violate the "Generally Accepted Accounting Principles (GAAP), such as the case 

that liquid assets are greater than total assets, total fixed assets are greater than total assets, the 

net value of fixed assets is greater than total assets, the firm’s identification number is missing, 

and an invalid established time exists (for example, the opening month is later than December 

or earlier than January).  

In addition, the transaction-level trade data are obtained from CCTS database, provided by 

China’s General Administration of Customs. It covers Chinese exports and imports at the 

Harmonized System (HS) 8-digit level during the period 2000–2006. Detailed information of 

each transacted product is recorded, including import and export values, quantities, products, 

source or destination countries, contact information of the firm (such as company name, 

telephone, post code, and contact person), and firm ownership (such as state-owned, domestic 

private, foreign-invested, and joint ventures). An important advantage of the CCTS database is 

that its trade regimes are classified into 18 categories (such as ordinary trade, processing with 

assembly, processing with imported materials, outward processing, and equipment imported 

for processing trade). This chapter primarily focuses on ordinary exports and (inward) 

processing exports which contain the trade categories of processing with assembly and 
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processing with imported materials. On the one hand, processing exporters are required by law 

to sell all of their outputs abroad instead of obtaining permission to import intermediate inputs 

free of duties. On the other hand, ordinary exporters can sell their outputs in both domestic and 

foreign markets without duty-free exemption. Moreover, this chapter notices the fact that a 

large number of firms are involved in both ordinary and processing trade. This type of firm is 

referred to as mixed exporters in this chapter. Under the setting, we investigate the differences 

among three types of firms: (1) ordinary exporters that only engage in ordinary exports, (2) 

processing exporters that only engage in processing exports, and (3) mixed exporters that 

engage in both ordinary and processing exports.  

Finally, a dataset merging the CASIF database with the CCTS database is used to calculate 

the firm-level TFP. The merging of the two databases faces technical difficulties. Although the 

two databases both have the same firm identification number, the coding systems of the two 

databases are completely different. Thus, it is difficult to merge the two databases using firm 

identification ID. The procedures of Feenstra et al. (2014) provide an appropriate way to match 

a large number of firms in the two databases. Firms with the same name, telephone number 

(the last seven digits), and postcode across time are regarded as the same firm. The two 

databases cannot be completely matched for a few reasons. First, in the CASIF database, firms 

that export through intermediary agents are recorded as exporters, but their exports will be 

reported by using the intermediary agents’ name in the CCTS data. Second, the CASIF 

database contains a large number of non-trade firms, which are not observed in the CCTS 

database. Third, only manufacturing firms with annual sales over RMB 5 million are recorded 

in the CASIF, while the CCTS database reports all the trading transactions, including those 

conducted by small firms and firms in non-manufacturing sectors (Upward et al. 2013). To 

eliminate noise, the intermediary agents are dropped from the sample. The study of Ahn et al. 

(2011) identifies intermediary agent firms on the basis of Chinese characters that have the 

English-equivalent meaning of “importer”, “exporter”, and/or “trading” in the firm’s name. 16 

Table 4.1 shows a description of the matched firms. The number of matched firms, on average, 

accounted for around 16 percent of the CASIF samples and 30 percent of the CCTS sample 

during the period 2000–2006. The outputs of the matched firms, on average, account for about 

34 percent of the outputs of the total firms in the CASIF. 

 

 
16 Specifically, all Chinese characters that mean “trading,” “importer,” and “exporter” are identified. In pinyin (Romanized 

Chinese), these phrases are “jin4chu1kou3,” “jing1mao4,” “mao4yi4,” “ke1mao4,” and “wai4jing1”. 
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4.5.2 Different Features Across Trade Regimes 

This subsection surveys the distribution for four types of Chinese firms during the period 

2000–2006. Exporters refer to the firms that can be matched in the two databases, while non-

exporters are the firms that appear in the CASIF database but cannot be matched in CCTS 

database. Table 4.2 shows that non-exporters account for the largest share throughout the 

sample period, which ranges from 89.27 percent in 2000 to 83.37 percent in 2006. On the other 

hand, the number of exporting firms accounts for less than 20 percent of total firms. Further 

inspection of the trade regimes reveals that the share of ordinary exporters in total firms rose 

most substantially from 4.11 percent in 2000 to 10.06 percent in 2006. Conversely, the share 

of processing exporters shows a mild downward trend, decreasing from 2.46 percent in 2000 

to 1.89 percent in 2006. In addition, mixed exporters are an important presence in the sample, 

with the shares ranging between 4.14 and 4.74 percent.  

 

 

 

Table 4.3 divides the shares of the export value into the three types of exporting firms during 

the period 2000–2006.  Mixed exporters that engage in both ordinary and processing exports 
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accounted for the largest export share throughout the sample period. In particular, the export 

share of mixed exporters reached 60.13 percent in 2002, which was much higher than ordinary 

and processing exporters. Moreover, processing exporters had larger shares than ordinary 

exporters during the period 2000–2005. However, the share of ordinary exporters exceeded 

that of processing exporters in 2006. These results based on the merged database reflect an 

increasingly important presence of mixed exporters in terms of both export value and the 

number of firms.  

 

 

 

4.5.3 Different Features of Multi-Product and Multi-Destination Exporters  

 

This subsection reports the summary statistics on the extensive margins of exports during 

the period 2000–2006. Table 4.4 shows the mean value of the firm’s characteristics, which 

include the share of firms for each group, firm age, the logarithm of TFP, output, the number 

of employees, fixed capital stock, and total exports. The 11 groups of firms are defined and 

ranked by the number of export products. Throughout the sample period, the number of non-

exporters, on average, accounts for 73.92 percent of the total firms. We also confirm that firm 

productivity, output, number of employees, and fixed capital stock of non-exporters are all 

lower than those of exporters. About 5.01 percent of the total firms export a single product, on 

average, and about 21.07 percent of the total firms export more than one product. Moreover, 

firms that export more than one product have high levels of output, employment, and total 

exports. The non-exporters are older than exporting firms. This table also shows that the firms 

exporting more than 12 products have the highest TFP level, while firms exporting 4 products 

have the lowest TFP level among the exporting firms.  
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Table 4.5 shows a set of firm’s characteristics across 11 groups of firms, which are defined 

and sorted by the number of export destinations. This table’s items are the same as the ones in 

Table 4.4. The table shows that about 4.93 percent of the total firms serve only one destination, 

on average, and about 21.15 percent of the total firms serve more than one destination. 

Exporters that serve more than one destination have higher levels of output, employment, and 

total exports. Firms serving more than 12 destinations, on average, have the highest TFP level, 

while firms serving 7 destinations, on average, have the lowest TFP level among the exporting 

firms. In addition, the ages of exporting firms tend to increase in the number of export 

destinations. 
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4.6 Empirical Results 

This section uses a regression framework based on equation (4.3) to quantify the effect of firm 

productivity on the extensive and intensive margins of China’s exports during the period 2000–

2006. Furthermore, we divide the Chinese exporting firms into ordinary, processing, and mixed 

exporters and examine the relationship between firm-level productivity and export margins of 

these three types of exporters, respectively.   

Table 4.6 presents the results based on the full sample data. In column (1), we regress the 

firm’s total exports (in log) on the changes in firm-level TFP, the number of employees, fixed 

capital stock, firm age, and ownerships (state-owned, foreign-invested, and private firms). As 

expected, the coefficient on TFP is positive and significant. A one percent increase in TFP is 

associated with a 0.089 percent increase in firm-level total exports. This result confirms that 

Chinese firms with higher productivity have larger total exports. In addition, the coefficients 

on control variables are also positive and significant. The firm-level total exports increase by 

0.479 and 0.156 percent associated with a one percent increase in the number of employees 

and fixed capital stock, respectively. This result implies that firms with bigger sizes and fixed 

capita stock have larger total exports. The coefficient on firm age is positive and significant, 

which suggests that firms with longer histories tend to have larger total exports. Dummy 

variables are also included in the specification to quantify export performance of foreign-

invested, state-owned, and private firms, respectively. The coefficient on the dummy variable 

of state-owned firms is negative and significant, which implies that the exports of state-owned 

firms are smaller than those of foreign-invested firms. The coefficient on the dummy variable 

of private firms is not statistically significant.  

Column (2) shows the results in the case that the number of products (in log) is the dependent 

variable. The coefficient on TFP is positive and significant. A one percent increase in TFP is 

associated with a 0.024 percent increase in the number of products. This result is consistent 

with the prediction that more productive firms tend to export a wider range of products. In 

addition, the coefficients on the number of employees and fixed capital stock are also positive 

and significant. It shows that a one percent increase in the number of employees and fixed 

capital stock is associated with a 0.142 and 0.041 percent increase in the number of exporting 

products, respectively. This result implies that firms with larger sizes and more abundant 

capital are more likely to export a wider range of products. Moreover, the coefficient on firm 

age is positive and significant, which suggests that older firms have a larger number of exported 

products. The coefficient on the dummy variable of private firms is negative and significant. 



88 

 

This implies that private firms tend to export a smaller number of products than foreign-

invested firms. However, the coefficient on the dummy variable of state-owned firms is not 

statistically significant. 

In column (3), the dependent variable is the number of export destinations (in log). The 

estimation result shows that the coefficient on TFP is positive and significant. A one percent 

increase in TFP is associated with a 0.026 percent increase in the number of export destinations. 

This result confirms the theoretical prediction that more productive firms tend to serve a wider 

range of export destination countries. The coefficients on the number of employees and fixed 

capital stock are also positive and significant. The number of export destinations rises by 0.175 

and 0.035 percent due to a one percent increase in the number of employees and fixed capital 

stock, respectively. In addition, the coefficient on firm age is positively associated with the 

number of export destinations. These results suggest that firms with larger size, fixed capital 

stock, and longer histories serve more export destination countries. However, the coefficients 

on the two dummy variables are not statistically significant. It is unclear whether foreign-

invested firms serve a wider range of export destinations than state-owned and private firms.  

Column (4) shows the results in the case that the dependent variable is the measure of 

density (in log). The estimation result shows that the coefficient on TFP is negative and 

significant. A one percent increase in TFP is associated with a 0.019 percent decrease in the 

measure of density. The negative correlation between the density measure and firm 

productivity implies that more productive firms export a larger number of products and 

destination countries but do not ship every product to every destination country. The 

coefficients on the number of employees, fixed capital stock, and firm age are negative and 

significant. These results suggest that firms with more employees, fixed capital stock, and 

longer histories tend to have lower density. In addition, the coefficients on the two dummy 

variables are not statistically significant. 

The last two columns give the results for intensive margins of exports. Column (5) presents 

the results in the case that the dependent variable is the average firm-level exports of per 

product-country (in log). The coefficient on TFP is positive and significant. A one percent 

increase in TFP is associated with a 0.058 percent increase in the average firm-level exports 

per product-country. This result implies that TFP has a positive effect on the average firm-level 

exports per product-country. In addition, the coefficients on the number of employees, fixed 

capital stock, and firm age are positive and significant. This result suggests that firms with 

more employees, fixed capital stock, and longer histories have higher average firm-level 
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exports per product-country. The coefficient on the dummy variable of state-owned firms is 

negative and significant at the 10 percent level, implying that state-owned firms tend to have 

lower average firm-level exports of per product-country than foreign-invested firms. The 

coefficient on the dummy variable of private firms is negative but not statistically significant. 

Furthermore, the export value of the firm’s largest or top-exporting product (in logs) serves 

as an alternative measure of the intensive margin of exports. As shown in column (6), the 

coefficient on TFP is positive and significant. A one percent increase in TFP is associated with 

a 0.091 percent increase in the exports of the firm’s top-exporting product. The coefficients on 

the number of employees, fixed capital stock, and firm age are positive and significant. This 

result suggests that firms with more employees, fixed capital stock, and longer histories have 

larger exports of the firm’s top-exporting product. Moreover, the coefficient on the dummy 

variable of state-owned firms is negative and significant at the 10 percent level. Compared with 

foreign-invested firms, state-owned firms have smaller exports of their top-exporting product. 

The coefficient on the dummy variable of private firms is negative but not statistically 

significant.  

The above results show the positive effects of firm-level productivity on the number of 

products and export destinations and a negative effect of firm-level productivity on the density 

of product-country coverage by the firm. These empirical results are generally consistent with 

the theoretical prediction of Bernard, Redding and Schott (2011). The theoretical prediction for 

the intensive margin of exports is ambiguous. On the one hand, firms with higher productivity 

tend to have larger exports of a given product to a given country. On the other hand, higher 

productivity enables firms to export a wider range of products and destinations. The net change 

in average exports depends on the two effects. The empirical result in this subsection shows 

that firm productivity is positively correlated with the average firm-level exports per product-

country. This finding implies that high-productivity firms are more likely to increase the 

exports of their existing products than to expand the scope of products and export destinations. 

The previous study also demonstrates that more productive firms tend to focus on their core 

products and drop their unsuccessful products. The above result confirms that there is a positive 

correlation between firm-level productivity and the exports of the firm’s top-exporting product.  

Moreover, the results show that Chinese firms with more employees, larger fixed capital 

stock, and longer histories tend to export more products and export destinations, larger average 

exports, and larger exports of their top-exporting product. Furthermore, this analysis also 

compares the export performance of firms by different types of ownership. State-owned firms 
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have smaller total exports, average firm-level exports per product-country, and exports of top-

exporting product than foreign-invested firms. Meanwhile, the number of exported products of 

private firms is lower than that of foreign-invested firms. 

 

 

 

As noted earlier in this chapter, Chinese exporters engaging in different trade regimes tend 

to have different performance in international trade. Thus, the regression analysis will be 

conducted for ordinary, processing, and mixed exporters, respectively.  

Table 4.7 reports the regression results for ordinary exporters that only engage in ordinary 

exports. The result in column (1) shows that the coefficient on TFP is positive and significant.  

A one percent increase in TFP is associated with a 0.111 percent increase in firm exports. This 

result implies that TFP has a positive effect on the increase in the total exports of ordinary 

exporters. The coefficients on control variables are also statistically significant. The number of 

a firm’s employees, fixed capital stock, and firm age are positively associated with the total 

exports of ordinary exporters.  

In columns (2)–(4), the extensive margins of exports are dependent variables. Similar results 

are found in the positive correlation between TFP and the number of products and export 
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destination. A one percent increase in TFP is associated with a 0.021 and 0.038 percent increase 

in the number of products and export destinations, respectively. This result suggests that 

ordinary exporters with higher productivity tend to export more products and serve more 

destination countries, which is consistent with the prediction in the previous study. The 

correlation between TFP and density is negative and significant. This implies that ordinary 

firms with higher productivity export more products and reach more destinations but do not 

ship every product to every destination country. For the control variables, the number of 

employees, fixed capital stock, and firm age have positive correlations with the number of 

products and export destinations, while having negative correlations with the density of 

product-country coverage by the firm.  

In the case that the intensive margins of exports are dependent variables, the coefficients on 

TFP in columns (5)–(6) are both positive and significant. A one percent increase in TFP is 

associated with a 0.07 and 0.108 percent increase in the average exports and the exports of top-

exporting product, respectively. This result suggests that ordinary exporters with higher 

productivity tend to have larger average firm-level exports per product-country and larger 

export value of their top-exporting products. Moreover, the number of employees, fixed capital 

stock, and firm age are also positively correlated with the two intensive margins of exports. 

However, the coefficients on dummy variables are not statistically significant. 
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Table 4.8 reports the regression results for processing exporters that only engage in 

processing exports. The result in column (1) shows that the coefficient on the TFP is positive 

and significant. A one percent increase in TFP is associated with a 0.089 percent increase in 

processing exports. This result means that processing exports rise with the firm-level TFP. In 

addition, the number of firm’s employees and fixed capital stock are positively associated with 

processing exports. The coefficient on firm age is not statistically significant. 

From the results in columns (2)–(4), we find that TFP is positively correlated with the 

extensive margins of exports. A one percent increase in TFP is associated with a 0.026 and 

0.05 percent increase in the number of products and export destinations, respectively. This 

result implies that processing exporters with higher productivity tend to export a wider range 

of products and serve more destination countries. In addition, the relationship between the TFP 

and the density is negative and significant. These results for processing exporters are similar to 

those for ordinary exporters. For the control variables, processing exporters with more 

employees and larger fixed capital stock have a larger number of products and export 

destinations. Firm age has a positive effect on the number of export destinations, while the 

correlation between firm age and the number of products is not statistically significant. 
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Moreover, control variables are negatively correlated with density.  

In column (6), the coefficient on TFP is positive and significant. A one percent increase in 

TFP is associated with a 0.089 percent increase in the exports of top-exporting product. This 

result means that processing exporters with higher productivity have large exports of their top-

exporting products. In column (5), the relationship between TFP and the average firm-level 

exports per product-country is not statistically significant. Moreover, fixed capital stock and 

the number of employees are positively correlated with the two intensive margins of exports. 

Firm age is negatively associated with the intensive margin, which implies that older firms tend 

to have lower average firm-level exports per product-country. The coefficient on private firms 

in column (5) is negative and significant at the 10 percent level. This result implies that the 

average firm-level exports of private processing firms are lower than those of foreign-invested 

processing firms.  

 

 

 

Table 4.9 reports the regression results for mixed exporters that engage in both ordinary and 

processing exports. In column (1), the coefficient for TFP is positive and significant. A one 

percent increase in TFP is associated with a 0.085 percent increase in exports. This result 

implies that TFP has a positive effect on the increase in the exports of mixed firms. The 
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coefficients on control variables are also statistically significant. The number of firm’s 

employees, fixed capital stock, and firm age are positively associated with the total exports of 

mixed exporters. In addition, the exports of state-owned mixed exporters are lower than those 

of foreign-invested mixed firms. However, the coefficient on private firms is not statistically 

significant.  

Columns (2)–(4) present the results in the case that the extensive margins of exports are 

dependent variables. A one percent increase in TFP is associated with a 0.033 percent increase 

in the number of products and 0.026 percent decrease in density. The result implies that high-

productivity mixed exporters have a larger number of products. However, the coefficient on 

the number of export destinations is not statistically significant. These results are different from 

those of ordinary and processing exporters. Looking at the control variables, firms with more 

employees, larger fixed capital stock, and longer histories have more products and export 

destinations. The control variables are negatively correlated with density.  

Columns (5)–(6) show the results for the intensive margins of exports. The coefficients on 

TFP are positive and significant. A one percent increase in TFP is associated with 0.065 and 

0.098 percent increase in the average exports and the exports of top-exporting product, 

respectively. This result suggests that mixed exporters with higher productivity tend to have 

larger average firm-level exports per product-country and larger exports of their top-exporting 

product. Moreover, the number of employees, fixed capital stock, and firm age are positively 

correlated with the two intensive margins of exports. The coefficients on the dummy variable 

of state-owned firms are negative and significant. This result suggests that state-owned firms 

have lower levels of intensive margins than foreign-invested firms. 

As mixed exporters are involved in both ordinary and processing exports, firms with 

different productivity may choose the extent of being involved in processing exports. Thus, we 

also examine the relationship between mixed exporter’s TFP and processing intensity, which 

is measured by the share of processing exports in total exports. A higher processing intensity 

implies a high degree of engagement in processing exports by a mixed exporter. In column (7), 

the coefficient on TFP is positive and significant. The processing intensity increases by 0.047 

percent due to a one percent increase in TFP. This result implies that mixed exporters with 

higher productivity have a larger share of processing exports in their total exports. The 

coefficient on the number of employees is positive and significant. Firms with more employees 

have larger processing intensity. We also observe that older firms tend to have lower processing 

intensity.   
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In summary, the above results confirm the positive relationship between TFP and the firm’s 

total exports, which is consistent with the theoretical prediction. For firms only engaging in 

ordinary exports, productivity exerts a positive effect on the total exports through the number 

of products and export destinations and the average firm-level exports per product-country. For 

firms only engaging in processing exports, productivity exerts a positive effect on the total 

exports through the number of products and export destinations. For firms engaging in both 

ordinary and processing exports, productivity exerts a positive effect on the total exports via 

the number of products and average firm-level exports per product-country. The result also 

shows that the export value of a firm’s top-exporting product tends to increase in productivity 

across the three types of exporters. In addition, the result indicates that mixed exporters with 

higher productivity tend to have a larger share of processing exports. 

4.7 Conclusion 

This chapter documents the export performance of Chinese firms during the period 2000–2006 
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using firm-level production and customs data. Recent empirical studies have highlighted the 

importance of multi-product and multi-destination firms in international trade. Extending the 

single-product heterogeneous firm model, Bernard, Redding and Schott (2011) develop a 

model for heterogeneous firms involved in more than one product and export destination. This 

study provides theoretical prediction on the relationship between firm-level productivity and 

aggregate exports and the relationship between firm productivity and the firm’s decision to 

select the range of products to export and destinations to serve. Following the empirical work 

of Bernard, Van Beveren and Vandenbussche (2014), this chapter examines the effects of 

productivity on China’s exports, which are decomposed into extensive and intensive margins 

at the firm-level. The extensive margin of exports is measured by the number of products and 

export destinations, while the intensive margin of exports is measured by the average firm-

level exports per product-country and the exports of the firm’s top-exporting product. 

The estimation results provide evidence to confirm the theoretical predictions about the 

importance of multi-product exporters and their abilities to export many products to many 

destinations. This chapter finds that the productivity of Chinese firms is positively correlated 

with the value of firm’s total exports. For the extensive margins, firms with higher productivity 

tend to serve more products and destination countries. Moreover, the intensive margins of 

average firm-level exports per product-country and the exports of the firm’s top-exporting 

product are positively associated with productivity. 

This chapter also considers the heterogeneity of Chinese firms. They participate in 

international trade via different trade regimes. Chinese exporting firms are divided into three 

groups: firms that engage only in ordinary exports, firms that engage only in processing exports, 

and firms that engage in both ordinary and processing exports. Higher-productivity ordinary 

exporters tend to have a larger number of products and export destination countries and have 

larger average firm-level exports per product-country and the exports of the firm’s top-

exporting products. The results for processing exporters are slightly different. Processing 

exporters with higher productivity tend to serve more products and export destination countries, 

while the relationship between productivity and average firm-level exports per product-country 

is not statistically significant. In addition, more productive processing exporters have large 

exports of their top-exporting products. Mixed exporters with higher productivity have a larger 

number of products, average firm-level exports per product-country, and exports of the top-

exporting product. Moreover, the result indicates that more productive mixed exporters are 

associated with a larger share of processing exports in their total exports.  
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This study has some limitations. First, we examine only how firm-level productivity affects 

the extensive and intensive margins of exports. However, export performance is also affected 

by other factors such as trade costs, imports, skill-, and capital-intensities. For example, 

Bernard, Redding and Schott (2011) predict that tariff reduction may cause firms to drop their 

least-successful products and concentrate on their core products. In particular, the WTO entry 

in 2001 accelerated trade liberalization in China. Both the changes in productivity and trade 

costs are crucial factors in explaining the export performance of Chinese firms. In addition, the 

measurement of firm-level productivity is problematic for firms that can choose multiple 

products. This problem can be handled if data on intermediate inputs, outputs, and prices are 

available at the firm-product level (Bernard, Redding and Schott 2011). However, the data used 

in this chapter do not include information on intermediate inputs at the firm-product level. To 

obtain a more precise measure of the productivity of multi-product firms, alternative methods 

should be considered in future studies.  
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Chapter 5 The Skill Structure of Labor Demand and Global Value Chains 17 

5.1  Introduction 

With the development of global value chains (GVCs), two notable consequences have been 

documented: the increased use of international outsourcing and rising demand for high-skilled 

labor relative to that for low-skilled labor. Over the last three decades, the GVCs have changed 

the pattern of international trade and production. The fragmentation of production is prevalent 

across the world as a result of the decreasing transportation costs. Consequently, an increased 

proportion of imported intermediate inputs are embedded in production (Johnson and Noguera 

2012). This production fragmentation can also be called “international outsourcing,” 

“offshoring,” or “vertical specialization.” 18  

The establishment of GVCs not only affects the structure of international trade but also has 

significant impacts on the labor market. Less-skilled labor-intensive production tends to be 

transferred to developing countries, whereas, technology-intensive production is retained in 

advanced countries. The evidence for the 1990s and 2000s indicates that an increased number 

of production activities are sent abroad, and these activities range from low-skilled to high-

skilled jobs. Despite a concurrent rise in the supply of high-skilled labor, the relative wages of 

high-skilled labor compared with that of less-skilled labor have not fallen. Rather, the income 

share of highly skilled workers has increased dramatically since the early 1980s in many OECD 

economies (Goos, Manning and Salomons 2009). Timmer et al. (2014) find significant upward 

trend in the value added that is created by high-skilled labor in both advanced and developing 

countries. Meanwhile, they observe a significant downward trend in the value added that is 

created by low-skilled labor. A large body of literature explores the debate on why the relative 

demand for high-skilled labor has risen over time. The consensus points to two sources behind 

this ongoing change in the skill structure of the labor market: international trade and skill-

biased technical change (SBTC). Although many empirical works have confirmed the 

hypothesis regarding the effect of SBTC on the changes in labor demands, the effect of trade 

structure on labor demand remains unclear. Thus, making investigation into the effect of 

international trade on the labor market is still important.   

 
17 Chapter 5 is based on the previously published article of Zhu (2020). 
18 Many studies examining the imported inputs in production refer to this situation as “offshoring” probably because they 

mainly focus on advanced countries. Because this chapter covers both advanced and developing countries, we use “imported 

intermediate inputs,” “imported inputs,” and “international sourcing” interchangeably.   
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In many studies, the examination of the relationship between labor demand and international 

trade has limitations. With the development of GVCs, the production process is split into 

separate activities and performed in different places with little variation in quality. For example, 

the GVCs of the manufacturing sector include not only production activities in the 

manufacturing sector itself but also the activities in other sectors such as agriculture, business, 

transport, and financial services that provide intermediate inputs at any stage of the production 

process. These indirect linkages between sectors are sizable and can be explicitly accounted 

for using an input–output model across sectors (Timmer et al. 2014). When measuring the cost 

share of labor inputs in production, previous studies have only captured the direct contribution 

of labor inputs in the manufacturing sector while being blind to the indirect contribution from 

other sectors. 

Given the fact that GVCs have become increasingly complex, measures based on traditional 

trade statistics cannot reliably capture the linkages between suppliers and users in GVCs. Many 

previous studies follow the method in Feenstra and Hanson (1999) to calculate the share of 

imported intermediate inputs in total outputs on the basis of national input–output tables. An 

increase in this share indicates an increased reliance on international fragmentation or imported 

intermediate inputs under the assumption that the total value of imports is created in foreign 

countries. However, as GVCs have become increasingly complex with more than two 

production stages, the imports may include the value that the importing country added itself in 

previous production stages. For example, when China imports semiconductors from Korea for 

the production of cell phones, they could contain value-added content originating from China 

itself. In a more complicated case, the semiconductors imported from Korea could also contain 

value-added content originating from third-party countries such as the US, Japan, and Malaysia. 

Therefore, an indicator using the share of direct imports is likely to overestimate or 

underestimate the reliance on imported inputs because it fails to account for the value-added 

indirectly embedded in production activities within GVCs. 

The main objective of this chapter is to address the question of how imported intermediate 

inputs in production affect the skill structure of labor demand, which is measured as the cost 

shares of labor inputs in final outputs. Timmer et al. (2014) introduce a framework to break 

down the total value of a final good into the value-added content created by domestic and 

foreign factors in GVCs. This approach can be further extended to decompose domestic labor 

income into different skill levels. This chapter estimates the cost shares of domestic high-
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skilled, medium-skilled, and low-skilled labor in the final output.19 We measure the cost share 

of domestic labor inputs to reflect the demand for domestic labor. These cost shares of domestic 

labor cannot be directly derived from primary data, and this chapter will use an input–output 

model to map final goods to the value added by different labor inputs in each sector-country 

pair. This estimating framework identifies how value-added content is sourced from a 

particular sector or country. 

Furthermore, the reliance on imported inputs for production is measured by the share of 

foreign value-added (hereafter referred to as FV) in final outputs, which is viewed as a “second-

generation” statistic for measuring offshoring in Feenstra (2017). For each final good, its GVC 

is defined as the set of all activities that are required in its production. Tracing the location of 

these activities based on the input–output model can identify the domestic and foreign contents 

directly and indirectly embedded in production. In the case of producing cell phones, the 

manufacturing process ends at a firm in China. However, the production activities of the 

intermediate inputs that are delivered to the firm also create value-added content, partly within 

China and partly abroad because some of these parts and components are imported. Many 

upstream industries, such as product design and semiconductor production, are also involved 

both inside and outside China. Using international input–output tables, we can decompose the 

value of the cell phones into value-added ones created in China and abroad.  

This chapter also addresses the question of how labor demand is affected by imported 

intermediate inputs originating from advanced and developing countries. One of the advantages 

of using international input–output tables is that they can provide information on the origin and 

destination of FV in production. For example, we can estimate the FV in China’s electronics 

sector originating from an origin of country, such as Japan or the US. Aggregating the country-

level origins of FV yields the FV sourced from advanced and developing countries, 

respectively. In addition, FV captures all the imported content that is directly and indirectly 

embedded in production. The FV originating from Japan in China’s electronics sector, for 

example, contains not only value-added directly imported from Japan to China, but also value-

added created in Japan, and then imported by China through third-party countries. As the GVCs 

become increasingly complex, it is common to see that the value-added travels across national 

borders multiple times before reaching the production site for its final output. Compared with 

the traditional measure, which is based on observable trade flows, using the input–output model 

 
19 In this chapter, the cost share of a specific domestic factor will mean the domestic cost share of the factor in the total outputs. 

For example, the cost share of domestic high-skilled labor means the cost share of domestic high-skilled labor in the total 

outputs.   
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is an effective tool for capturing direct and indirect linkages between countries within GVCs.         

To apply the model to the data, this chapter demonstrates how to measure the factor contents 

of the domestic and offshore stages of production based on the World Input–output Database 

(WIOD). This chapter also documents the changes in the factor cost shares and factor prices 

for 35 sectors across 40 economies during the period from 1995 to 2009. In addition, the WIOD 

also provides raw industry-level data in connection with input–output tables, including total 

value-added, labor income by skill levels, working hours by skill levels, and capital stock. 

However, the shortcoming of the WIOD is that it covers only a small number of developing 

countries. To measure the FV shares originating from both advanced and developing countries, 

this chapter uses the Inter-country input–output (ICIO) tables from the OECD database, which 

cover a wider range of developing countries.  

From the preliminary results on the cost shares at the sector and country levels, we confirm 

an increased share of domestic high-skilled labor and a declining share of domestic low-skilled 

labor for most sectors from 1995 to 2009, leaving an unclear trend in medium-skilled labor. 

The result implies that domestic high-skilled labor is more likely to benefit from the change of 

trade structure in the sample period and most sectors are experiencing an upgrade of skill 

structure. Conversely, the demand for domestic low-skilled labor may decline due to 

participation in GVCs.  

To quantify the relationship between the skill structure of labor demand and imported 

intermediate inputs econometrically, this chapter uses a standard approach for analyzing labor 

demand based on the estimation of a translog cost function. In the regression framework, 

dependent variables include the cost shares of domestic labor inputs by skill levels in final 

outputs. Independent variables, on the other hand, include hourly wages, capital stocks, outputs, 

and two indicators for the imported contents in production: the FV share in final outputs and 

the direct import share of intermediate inputs in final outputs. The variable of main interest is 

the FV share in the final outputs, which reflects the proportion of imported contents required 

directly and indirectly by one unit of the final output. Our estimation is based on year-by-year 

and long-term (12 years) differences. The baseline result shows that FV share has a negative 

and significant effect on the cost shares of domestic labor, irrespective of skill level when the 

change in wages of domestic labor, fixed capital stocks, and outputs are controlled. Particularly, 

the FV share exerts a larger impact on medium-skilled labor. These results are consistent with 

the previous literature, which has documented significant job losses of medium-skilled workers 

due to international trade (Autor, Levy and Murnane 2003). Similarly, the direct import share 
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of intermediate inputs in the final outputs also has a negative and significant effect on the cost 

shares of domestic labor.  

Furthermore, the origin of the FV share is decomposed based on sourcing countries. 

Specifically, the FV share of an individual sector can originate from advanced or developing 

countries. The FV sourced from different country categories is likely to have different effects 

on the cost shares of the domestic labor demand. Furthermore, the destination countries of FV 

are split into advanced and developing countries. Decomposing the origin and destination of 

FV, for example, allows us to examine how offshoring to developing countries affects the labor 

demand in advanced countries.20 The result implies that the proportion of FV originating from 

advanced countries is larger than that originating from developing countries. This result holds 

true for both advanced and developing countries.  

Through the regression, we confirm that the FV share sourced from developing countries 

accounts for a larger proportion of the decreases in the cost shares of domestic high-skilled and 

medium-skilled labor in advanced countries in the case of year-by-year differences. However, 

the negative correlation between the FV share sourced from developing countries and the cost 

shares of domestic high-skilled and medium-skilled labor in advanced countries becomes 

insignificant in the case of long-term differences. The negative effect of FV share sourced from 

developing countries on the cost share of domestic low-skilled labor in advanced countries is 

significant in the cases of both year-by-year and long-term differences. Moreover, the FV share 

sourced from advanced countries contributes more to the decreases in the cost share of 

domestic medium-skilled labor in developing countries. A notable result is that the FV share 

originating from advanced countries is positively associated with the cost share of domestic 

low-skilled labor in developing countries in the case of long-term differences. Furthermore, the 

indicators of FV share and the share of directly imported intermediate goods and services in 

production are used in the specification. The result shows that the two indicators have slightly 

different magnitudes of influence on changes in the domestic labor demand.   

The rest of this chapter is organized as follows. Section 5.2 reviews the previous literature 

on the relationship between labor demand and trade structure. In Section 5.3, we explain how 

to use input–output model to estimate the cost shares of domestic labor inputs by skill levels 

and the indicators of imported inputs in production activities. A simple econometric model is 

also presented, which provides the basic environment for analyzing the relationship between 

 
20 Following the nomenclature used in the input–output analysis, the “sourcing country” or “country of origin” is the country 

from which intermediate inputs are imported, while the “destination country” is the country where the imported inputs are 

used. 



103 

 

the cost shares of labor factors and the related variables. In addition, an explanation about the 

data sources is given. Section 5.4 reports the empirical results derived from the estimation 

framework in the preceding section. Some crucial findings concerning the trends in labor cost 

shares and foreign value-added shares are presented. Moreover, from the regression framework, 

we show the results on the effect of imported inputs on the cost shares of domestic labor by 

skill levels. The final section gives the conclusions. 

 

5.2  Literature Review   

This chapter is related to several streams of literature that construct theoretical and empirical 

frameworks to examine the effects of trade structure on the labor market. The seminal work of 

Stolper and Samuelson (1941) presents that the demand for skilled labor increases relative to 

unskilled labor in countries specializing in skill-intensive goods. This effect is reversed in 

countries specializing in less skill-intensive goods. Afterward, the studies of how trade 

structure affects labor demand have traditionally been based on their work. However, Feenstra 

and Hanson (1995, 1997) propose a model in which a continuum of imported intermediate 

goods within each industry are sourced from the low-cost country. The model predicts that 

offshoring would be associated with an increase in the relative demand for high-skilled labor 

in both the countries conducting the offshoring and receiving these transferred production 

processes. This suggests that both the relative wages and relative demand for high-skilled 

workers would rise in both the countries during the 1980s. This prediction partly contradicts 

Stolper and Samuelson. In addition, some studies, such as Lawrence et al. (1993) and Davis 

and Mishra (2007), have shown that the prediction of Stolper and Samuelson cannot be 

empirically proved. 

There has been an increase in the relative wages of high-skilled workers in US 

manufacturing since the 1990s. However, the relative employment of high-skilled labor has 

declined. This finding responds to the observation that high-skilled labor in service tasks can 

also be offshored as more routine service jobs are sent overseas. Grossman and Rossi-Hansberg 

(2008) provide an explanation for the case that both low-skilled and high-skilled production 

activities are exposed to offshoring, which results in local job losses. They identify three 

channels through which the rising imported intermediate inputs affect the income of low-

skilled and high-skilled workers. First, as the costs of offshoring decline, multinational firms 

are more likely to reallocate low-skilled tasks abroad. The offshoring acts like a low-skilled 

labor-saving innovation, leading to a reduction in production costs. Profits rise in the sectors 
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that intensively use low-skilled tasks. This could cause the outputs of these sectors to increase. 

As a consequence, the demand for low-skilled labor and the relative wages of low-skilled 

workers will rise. This channel is termed the productivity effect, in which low-skilled labor 

benefits from offshoring because labor productivity is improved. The second channel is called 

the relative price effect. Advances in the technology for offshoring lead to larger cost savings 

in labor-intensive industries than in skill-intensive industries. Therefore, the relative price of 

labor-intensive goods that require more low-skilled workers tends to decline. Following the 

Stolper-Samuelson theorem, the wages of low-skilled workers will decline. The relative price 

effect exerts downward pressure on the relative wages of low-skilled labor. The third channel 

is the labor-supply effect, in which offshoring does not work to the advantage of low-skilled 

workers. The intuition behind this effect is that technological advancement expands the range 

of offshoring tasks, freeing up the fraction of domestic low-skilled workers that initially engage 

in these tasks. These workers must be reallocated to other occupations, resulting in a fall in the 

relative wages of low-skilled labor. Summing up the three effects, the change in the relative 

wage of low-skilled labor is unclear in the three channels, while domestic high-skilled labor 

benefits from offshoring. Domestic low-skilled labor tends to gain or lose depending on the 

relative effect of productivity, the relative price effects, and the share of labor-intensive goods. 

On the empirical side, Feenstra and Hanson (1995) quantify the factors that affect the 

relative wages of high-skilled labor against low-skilled labor in the US during the 1980s. They 

show that rising imports account for about 31 percent of the increase in the relative wages of 

high-skilled workers in the US. In addition, Feenstra and Hanson (1997) find that the increase 

in US foreign investment in Mexico was associated with about half of the rise in high-skilled 

labor’s share of the total wage bill in Mexico during the period 1975–1988. Feenstra and 

Hanson (1999) find that the increase in offshoring positively affected the demand for US skilled 

workers during the period 1979–1990.  

Notably, Feenstra and Hanson (1999) introduce an indicator to measure the reliance of 

production on imported contents or offshoring using national input–output tables. They 

calculate the cost share of imported intermediate inputs based on the “proportionality” 

assumption, whereby an input used in an industry has the same ratio of imports to domestically 

sourced value as does the whole economy (Feenstra 2017). Feenstra and Hanson (1999) also 

distinguish between a broad definition of offshoring which includes all imported inputs from 

upstream sectors and a narrow definition of offshoring, one that only includes imported inputs 

within the same industry. The former definition reflects the offshoring that takes place across 
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industries, while the latter is thought to be closer to the offshoring that occurs within the same 

industry. This straightforward method based on national input–output tables has been widely 

applied in other studies to measure the effect of offshoring on the labor market, including by 

Hijzen, Görg and Hine (2005) for the UK, Hsieh and Woo (2005) for China, and Mion and Zhu 

(2013) for Belgium. In addition, Foster-McGregor, Stehrer and de Vries (2013) provide 

worldwide evidence about the trends in offshoring and the labor market over a large set of 

countries based on a sample of 40 countries. They confirm that offshoring puts downward 

pressure on the wages of high-skilled, medium-skilled, and low-skilled labor. 

However, the approach of Feenstra and Hanson (1999) has limitations as international trade 

becomes more complex. It implicitly supposes that there is no domestic content embedded in 

the imported intermediate goods and there is no foreign content embedded in domestically 

produced intermediate goods. This assumption becomes implausible because it neglects the 

fact that the production of intermediate goods needs multi-stage production processes that are 

located both at home and abroad. In particular, this measure could generate misleading results 

when the transactions of intermediate goods cross borders more than one time. To overcome 

this shortcoming, recent studies have been directed at capturing the linkages in GVCs based on 

the international input–output table. Hummels, Ishii and Yi (2001) measure the use of imported 

intermediate inputs in exports, which is referred to as vertical specialization. Johnson and 

Noguera (2012) relax the assumption that a country’s exports of final goods and intermediate 

goods are entirely absorbed abroad. Studies such as Koopman, Wang and Wei (2014) and Los, 

Timmer and de Vries (2015) decompose total exports into domestic and foreign value-added 

content along the backward linkage in GVCs. Here, the backward linkage is referred to as the 

use of foreign inputs in production that are exported, in other words, importing intermediate 

inputs in order to export. For example, Bangladesh may import textile fabric produced in 

Pakistan which is then used to make clothing exported by Bangladesh (Hollweg 2019). The 

backward linkage is usually estimated at the sector-country level (foreign value-added of 

exports) and in terms of intensity (the share of foreign value-added in total exports). These new 

approaches capture the imported contents from all of the upstream sectors that are directly and 

indirectly required for production.  

Moreover, the use of international input–output tables allows us to estimate the geographical 

origin and destination of imported intermediate inputs. So far, most studies have focused on 

the labor market of advanced countries, which are suffering from job losses as parts of the 

production process have been transferred to developing countries. In the public debate, the 
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increasing imports from developing countries have been viewed as a primary culprit behind 

the domestic job losses in many advanced countries. Autor, Dorn and Hanson (2013) find that 

the increase in US imports from China can explain about 25 percent of the decline in US 

manufacturing employment. In addition, other studies show that similar but less pronounced 

trends can be observed in some European countries. This chapter is also related to several 

studies, which quantify the effects of offshoring according to sourcing countries. In other words, 

they distinguish the destination of offshoring between high-income and low-income countries. 

Despite conventional worries, Falk and Wolfmayr (2005) show that increased intermediate 

imports from developing countries account for a relatively small proportion of reduction in 

manufacturing employment: only 0.25 percentage points per year in their sample of seven EU 

countries during the period 1995–2000. Additionally, Falk and Wolfmayr (2008) find that the 

negative effect of imported intermediate materials from low-income countries on the demand 

for labor tends to be relatively small. The negative effect is more substantial for imported 

intermediate inputs from China and East Asian countries. Using US plant-level data, Bernard, 

Jensen and Schott (2006) find that a firm’s survival and employment growth are relatively low 

in industries exposed to imports from developing country imports. Based on a sample of 40 

countries, Wolszczak-Derlacz and Parteka (2018) reveal that offshoring to developing 

countries is associated with a decline in the wages of domestic medium-skilled and low-skilled 

workers.  

However, these examinations using direct import data have been improved since 

considering the direct and indirect linkages within GVCs. Wang et al. (2018) find that direct 

imports decline employment in the US. An indirect upstream channel further increases these 

job losses. The negative effect arises because suppliers in the upstream sectors are hurt by 

import competition if their buyers’ demands for their products shrink. However, the negative 

effect could be offset by the job creation from the downstream channel. In other words, 

industries in the downstream might benefit from import competition because they can reduce 

their production costs by shifting from local suppliers to lower-price foreign suppliers. As a 

result, the outputs and employment of industries in the downstream sector increase. 

Considering the direct and indirect linkages within GVCs has attracted great attention in the 

literature, which particularly focuses on the indirect effect of job creation through backward 

linkages (Acemoglu et al. 2016; Feenstra and Sasahara 2018). Even though the magnitude of 

the indirect effect varies depending on different measurements of offshoring, some studies find 

that the overall effect of the imports from China on US employment is much smaller than that 
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estimated by Autor, Dorn and Hanson (2013), who did not take into consideration the 

perspectives of GVCs. 

   

 

5.3  Methodology and Data Sources 

5.3.1 Empirical Specification 

This subsection describes the empirical strategy in order to examine how a change in 

imported contents in production affects the skill structure of labor demand. When analyzing 

the relative demand for labor, a translog function is widely used as in Berman, Bound and 

Griliches (1994), Feenstra and Hanson (2001). The explanation of this subsection follows 

Foster-McGregor, Stehrer and de Vries (2013), which illustrate the estimation of a translog 

cost function. We consider a gross output production function as follows: 

 

 𝑋 = 𝑓(𝐿,𝑀,𝐻, 𝐾), (5.1) 

 

where X is gross output, L is low-skilled labor, M is medium-skilled labor, H is high-skilled 

labor, and K is the capital stock. We assume the production function is increasing and concave 

in (L, M, H, K). As in Berman et al. (1994), capital is assumed to be quasi-fixed, meaning that 

both output and capital can be treated as fixed in the short run. When the levels of capital and 

output are fixed but labor of different skill levels are flexible, the short-run cost function is 

defined as follows: 

 

 𝐶(𝑤𝑙 , 𝑤𝑚, 𝑤ℎ , 𝐾, 𝑋, 𝑧) = min
𝐿,𝑀,𝐻

𝑤𝑙𝐿 + 𝑤𝑚𝑀 + 𝑤ℎ𝐻, (5.2) 

 

subject to equation (5.1), where 𝑤𝑙, 𝑤𝑚, and 𝑤ℎ are the factor prices of low-skilled, medium-

skilled, and high-skilled labor, and z refers to technological change. We assume that equation 

(5.2) can be approximated by a second order flexible functional form such as the translog 

function. This function is written in a general form as follows: 

 

 

 ln𝐶 = 𝛼0 + ∑𝛼𝜏 ln𝑤𝜏

Τ

𝜏=1

+ ∑ 𝛽𝑘 ln 𝑟𝜅

Κ

𝜅=1

+ 𝛾𝑧 𝑧 
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∑ ∑ 𝜑𝜏𝜅 ln𝑤𝜏 ln 𝑟𝜅

Κ

𝜅=1

Τ

𝜏=1

+ ∑𝜑𝑧𝜏 𝑧 ln𝑤𝜏

Τ

𝜏=1

+ ∑ 𝜑𝑧𝜅 𝑧 ln 𝑟𝜅

Κ

𝜅=1

 , (5.3) 

 

where 𝑤𝜏 denotes the prices of various labor factors (that is, the hourly wages of domestic high-

skilled, medium-skilled, and low-skilled labor in this chapter), and 𝑟𝜅 denotes outputs and fixed 

inputs (that is, gross output and fixed capital stock in this chapter). The variable 𝑧 refers to any 

structural variables that will shift the production function and therefore affect costs. It is 

assumed that the translog cost function is twice differentiable, linearly homogenous, and 

concave in factor prices. Taking the first derivative of the translog cost function with respect 

to factor prices (𝑤𝜏) yields 𝜕𝑙𝑛𝐶 𝜕𝑙𝑛𝑤𝜏⁄ = (𝜕𝐶 𝜕𝑤𝜏)(𝑤𝜏/𝐶)⁄ =  𝑤𝜏𝐷𝜏 𝐶⁄  =  𝑆𝜏, where the 

demand for labor inputs τ can be obtained by 𝐷𝜏 = 𝜕𝐶 𝜕𝑤𝜏⁄  according to Shephard’s lemma. 

Thus, partially differentiating equation (5.3) gives the cost shares of the labor inputs as follows: 

  

 𝑆𝜏 = 𝛼𝜏 +
1

2
∑ 𝛼𝜏𝜎 ln𝑤𝜎

𝑇

𝜎=1

 +
1

2
∑ 𝜑𝜏𝜅 ln 𝑟𝜅

𝐾

𝜅=1

+ 𝜑𝑧𝜏 𝑧,         (𝜏 = 1,⋯ , Τ) (5.4) 

 

Equation (5.4) will be used to analyze the cost share of labor factor of a given sector, which 

depends on wages of all types of labor factors (w), capital stock (K), output (X), and other 

structural variables (z). Let 𝑆𝜏 denote the cost share of domestic high-skilled, medium-skilled, 

and low-skilled labor in final outputs, where 𝜏 ∈ {ℎ,𝑚, 𝑙} . A popular method is to take 

difference between two years in order to eliminate sector-specific time-invariant effects. The 

equations for the cost shares of different workers are expressed as follows: 

 

 
∆𝑆𝜏 = 𝛼0 + 𝛼𝜏ℎ ∆ln𝑤ℎ + 𝛼𝜏𝑚 ∆ln𝑤𝑚 + 𝛼𝜏𝑙 ∆ln𝑤𝑙 + 𝛽𝜏∆ln𝐾 + 𝛿𝜏∆ln𝑋

+ 𝜑𝑧𝜏∆𝑧 + 𝜀𝜏 . 
(5.5) 

 

In the context of this chapter, the variable z in equation (5.5) will include indicators that 

measure imported contents in production. Thus, 𝜑𝑧𝜏 is expected to be negative, implying a 
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negative correlation between the cost share of domestic labor and imported contents in 

production. A full set of year and sector dummies is included to control the trends in cost shares 

of labor although these results will not be reported. 

Alternatively, equation (5.5) is estimated using a 12-year difference between 1995 and 2007 

instead of year-by-year differences. Long difference can mitigate the problem of small size of 

variation in regressors when taking year-by-year differences, and to account for lags in the 

adjustment of labor demand to shocks. Moreover, estimates based on long differences are less 

sensitive to bias due to measurement error than either fixed effects or first differences 

(Griliches and Hausman 1986). Country and sector dummies are added in the specification to 

capture the country-specific sector-specific features. The reason that the data up to 2007 is used 

is that there are a large number of missing data in the sample of 2009. Moreover, results in 

2009 tend to be affected by the 2008 global financial crisis. Thus, the long difference between 

1995 and 2007 will be used. In addition, since the error terms in the three labor demand 

equations are likely to correlate with each other, efficiency can be improved by running the 

equations jointly as seemingly unrelated regressions (SUR). 

 

5.3.2 Using Input–Output Model  

The above subsection illustrates the empirical specification. Equation (5.5) is derived from 

a translog cost function to examine the relationship between domestic labor demand and the 

imported contents in production. This subsection demonstrates how to measure variables such 

as cost shares of domestic labor, wages, and imported contents in production based on an input–

output model. 

In an international input–output table, it is expanded to track intermediate and final goods 

linkages across countries and sectors. Assume an economy with g countries and n sectors in 

each country. A country set is defined by G ≡ {1⋯𝑔}, and a sector set is defined by N ≡

{1⋯𝑛}. The economic structure can be expressed by the following international input–output 

model. Let Z be a gn×gn matrix representing the transaction values of intermediate inputs, y 

be an gn×1 final demand vector, x be a 1×gn gross output vector, and p be a 1×gn vector of 

direct value-added. The vector p here is defined as direct value-added, which is derived directly 

from primary data. And it is distinct from the value-added content, which is measured by an 

input–output model. The input coefficient matrix is defined as 𝐀 = 𝐙�̂�−𝟏, giving the production 

requirements per unit of output, in which �̂� denotes a diagonal matrix with gross output vector 

x on its main diagonal. Gross output consists of intermediate goods and final goods, that is, 
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𝐱 = 𝐀𝐱 + 𝐲. This equation can be rearranged as follows: 

 

 𝐱 = (𝐈 − 𝐀)−𝟏 𝐲 = 𝐋𝐲, (5.6) 

 

where I is a gn×gn identity matrix. And L denotes a gn×gn global Leontief inverse matrix, 

giving the amount of gross outputs required by one unit increase in final demand. The global 

Leontief inverse matrix can be expressed in the matrix form as follows:  

 

 𝐋 =

[
 
 
 
 
 
 
 
 
 
 𝐿11

11 𝐿12
11 ⋯ 𝐿1𝑛

11 𝐿11
12 ⋯ 𝐿1𝑛

12 𝐿11
13 ⋯ 𝐿1𝑛

1𝑔

𝐿21
11 𝐿22

11 ⋯ 𝐿2𝑛
11 ⋮

⋮ ⋮ ⋱ ⋮ ⋮
𝐿𝑛1
11 𝐿𝑛2

11 ⋯ 𝐿𝑛𝑛
11 ⋮

𝐿11
21 𝐿11

22 ⋮
⋮ ⋱ ⋮

𝐿𝑛1
21 𝐿𝑛𝑛

22 ⋮

𝐿11
31 𝐿11

33 ⋮
⋮ ⋱ ⋮

𝐿𝑛1
𝑔1

⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ 𝐿𝑛𝑛
𝑔𝑔

]
 
 
 
 
 
 
 
 
 
 

.  

 

 

Thus, x in equation (5.6) is the vector of gross outputs used both directly and indirectly to 

produce final goods of a specific sector. Next, the gross outputs can be transferred into factor 

demand. Value-added coefficients are defined as the ratio of direct value-added to outputs, 𝐯 =

𝐩�̂�−𝟏 . Pre-multiplying the gn×gn diagonal matrix of direct value-added coefficients �̂� into 

equation (5.6) yields the following equation:  

 

 𝐐 = �̂�(𝐈 − 𝐀)−1 �̂� = �̂�𝐋�̂�. (5.7) 

 

 

In matrix form, Q can also be expressed as 
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𝐐 =

[
 
 
 
𝑣1

1 0 ⋯ 0

0 𝑣2
1 ⋯ 0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝑣𝑛

𝑔
]
 
 
 

 

[
 
 
 
 𝐿11

11 𝐿12
11 ⋯ 𝐿1𝑛

1𝑔

𝐿21
11 𝐿22

11 ⋯ 𝐿2𝑛
1𝑔

⋮ ⋮ ⋱ ⋮

𝐿𝑛1
𝑔1

𝐿𝑛2
𝑔1

⋯ 𝐿𝑛𝑛
𝑔𝑔

]
 
 
 
 

 

[
 
 
 
𝑦1

1 0 ⋯ 0

0 𝑦2
1 ⋯ 0

⋮ ⋮ ⋱ ⋮
0 0 ⋯ 𝑦𝑛

𝑔
]
 
 
 

 

 
 

 =

[
 
 
 
 𝑣1

1𝐿11
11𝑦1

1 𝑣1
1𝐿12

11𝑦2
1 ⋯ 𝑣1

1𝐿1𝑛
1𝑔

𝑦𝑛
𝑔

𝑣2
1𝐿21

11𝑦1
1 𝑣2

1𝐿22
11𝑦2

1 ⋯ 𝑣2
1𝐿2𝑛

1𝑔
𝑦𝑛

𝑔

⋮ ⋮ ⋱ ⋮

𝑣𝑛
𝑔
𝐿𝑛1

𝑔1
𝑦1

1 𝑣𝑛
𝑔
𝐿𝑛2

𝑔1
𝑦2

1 ⋯ 𝑣𝑛
𝑔
𝐿𝑛𝑛

𝑔𝑔
𝑦𝑛

𝑔
]
 
 
 
 

 =  

[
 
 
 
 𝑞11

11 𝑞12
11 ⋯ 𝑞1𝑛

1𝑔

𝑞21
11 𝑞22

11 ⋯ 𝑞2𝑛
1𝑔

⋮ ⋮ ⋱ ⋮

𝑞𝑛1
𝑔1

𝑞𝑛2
𝑔1

⋯ 𝑞𝑛𝑛
𝑔𝑔

]
 
 
 
 

. 

 

Each element in the matrix Q represents the value-added directly and indirectly used in the 

production of final goods and services on a country-sector basis. For example, the element q𝑖𝑗
𝑠𝑟 

of matrix Q denotes the total value-added of sector i in country s (directly and indirectly) 

embedded in final goods produced by sector j of country r, where 𝑠, 𝑟 ∈  𝐺, and 𝑖, 𝑗 ∈  𝑁. On 

the one hand, looking at the matrix Q along a column captures the contribution of value-added 

from all upstream countries-sectors that are embedded in final goods and services of a 

particular country-sector. Summing up the elements in the column j equals the value of final 

good outputs of sector j in country r. On the other hand, looking at the matrix Q along a row 

captures the distribution of value-added of a sector that is absorbed by final goods production 

in all downstream sectors. Adding up the elements in row i yields total value-added created by 

production factors employed in sector i of country s. In other words, it equals gross domestic 

product (GDP) of sector i in country s.   

In summary, the elements along a column of matrix Q measure the contribution of all 

upstream countries-sectors to a particular country-sector’s final good outputs. In other words, 

it captures the backward linkages across upstream countries-sectors from a user’s perspective. 

Tracing the elements along a column allows us to decompose a country-sector’s final good 

outputs according to where the inputs are originated from. Whereas, the elements along a row 

of matrix Q show how the GDP of a country-sector is used by the sector itself and all its 

downstream countries-sectors. It keeps track of forward linkages across all downstream 

countries-sectors from a supplier’s perspective. The forward linkages allow us to break down 

a sector’s GDP according to where it is used.  

 Furthermore, the value-added embedded in final goods can be decomposed into value-

added by capital and labor used in its GVCs. Labor income is decomposed by educational 

levels: high-skilled, medium-skilled, and low-skilled labor. In other words, value-added 
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coefficient is expressed by the combination of four factors: 𝐯 =  𝜽𝒉 + 𝜽𝒎 + 𝜽𝒍 + 𝜽𝒌 , where 

𝜽𝒉 denotes the ratio of high-skilled labor income to output; 𝜽𝒎 is the ratio of medium-skilled 

labor income to output; 𝜽𝒍 is the ratio of low-skilled labor income to output; 𝜽𝒌 is the ratio of 

capital income to output. Thus, replacing v in equation (5.7) with the above four factors yields 

the value-added matrix contributed by different factors, respectively, 

 

 𝐐𝝍 = �̂�𝝍(𝐈 − 𝐀)−1 �̂� = �̂�𝝍𝐋�̂�, (5.8) 

 

where 𝜽𝝍 denotes a set of vectors of factor coefficients, where 𝜓 ∈ {ℎ,𝑚, 𝑙, 𝑘}. They represent 

the payment of factor 𝜓 of one unit of gross output for each of the country–sector. Thus, 𝐐𝝍 in 

equation (5.8) gives the value-added matrices contributed by high-skilled, medium-skilled, 

low–skill labor and capital, required by final products of a sector, respectively. The element 

q𝑖𝑗 𝜓
𝑠𝑟  in 𝐐𝝍 denotes the payment to factor 𝜓 of sector i in country s embedded in the final 

products of sector j in country r. This chapter will focus backward linkages to trace where a 

country-sector sources intermediate inputs for production. Summing the elements along 

columns yields the value-added created by factor 𝜓. Let 𝑦𝑗
𝑟 denote the final outputs of sector j 

in country r. Then, the proportion of factor 𝜓  in overall costs of sector j in country r is 

expressed as follows:     

 

 
𝑇𝑆𝑗𝜓

𝑟 = (∑∑𝑞𝑖𝑗 𝜓
𝑠𝑟

𝑖∈𝑁𝑠∈𝐺

) 𝑦𝑗
𝑟⁄ . (5.9) 

 

In addition, the main interest of this chapter is to identify the cost share of domestic factors 

which accounts for the overall value-added embedded in the production of a specific domestic 

sector. It provides a more precise measure of demand for domestic factors. The definition of 

the cost share of domestic labor inputs based on an input–output model is similar to Reijnders, 

Timmer and Ye (2016). The cost share of domestic factor 𝜓 in the overall cost of sector j in 

country r is given as follows: 

 

 
𝑆𝑗𝜓

𝑟 = (∑q𝑖𝑗 𝜓
𝑟𝑟

𝑖∈𝑁

) 𝑦𝑗
𝑟⁄  . (5.10) 

 

Furthermore, quantities of factor 𝜓 needed in the production of sector j in country r can be 
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measured in the same fashion. For example, let the element of 𝜽𝝍 be the working hours of labor 

required by one unit of output in a country-sector. Then, matrix 𝐐𝝍 in equation (5.8) gives the 

working hours matrix contributed by high-skilled, medium-skilled, and low-skill labor, 

required by final products of a sector, respectively. By equations (5.9) and (5.10), 𝑇𝑆𝑗𝜓
𝑟  and 𝑆𝑗𝜓

r  

refer to the working hours of total factor 𝜓  and domestic factor 𝜓  embedded in the final 

products of sector j in country r, respectively. The hourly wage is defined as the ratio of labor 

income to working hours.  

Next, FV share in final outputs captures the imported value-added that is embedded in the 

final good output (Los, Timmer and de Vries 2015). The FV share of sector j in country r is 

given as follows: 

 

 FVS𝑗
𝑟 = ( ∑ ∑q𝑖𝑗

𝑠𝑟

𝑖∈𝑁𝑠∈𝐺,𝑠≠𝑟 

) 𝑦𝑗
𝑟⁄ . (5.11) 

 

This decomposition technique allows us to break down the FV according to its sourcing country 

or sector based on backward linkage. Summing up the imported value-added from advanced 

countries yields the FV which is originated from advanced countries. Thus, the FVS𝑗
𝑟 can be 

decomposed into two components: the FV imported from advanced countries, and the FV 

imported from developing countries.21, 22 

This chapter also calculates the share of direct imported intermediate goods in production 

proposed by the Feenstra and Hanson (1999). They distinguish between a narrow measure of 

outsourcing (IIMN) and a broad measure of outsourcing (IIMB). The IIMN refers to the share 

of imported intermediate goods of a sector from the same sector in foreign countries. Let 𝑧𝑖𝑗
𝑠𝑟 

denotes the direct shipment of intermediate inputs form the sector i in country s to the sector j 

in country r. Then IIMN share of sector j in country r is given as follows: 

 

 
𝐼𝐼𝑀𝑁𝑗

𝑟 = ( ∑ 𝑧𝑗𝑗
𝑠𝑟

𝑠∈𝐺,𝑠≠𝑟

) 𝑦𝑗
𝑟⁄ . (5.12) 

 
21 Throughout this chapter, the terms “FVS” and “FV share” are used interchangeably to mean the foreign value-added share 

in final output. 
22 The FVS sourced from advanced countries can be calculated when 𝑠 ∈ Gadv, where Gadv is the set of advance countries. 

The FVS sourced from developing countries can be calculated when 𝑠 ∈ Gdev, where Gdev is the set of developing countries. 

IIMN and IIMB can be decomposed according to sourcing origins in the same fashion.  
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In equation (5.12), the denominator is the final outputs of sector j in country r, while the 

numerator is the imported intermediate goods of sector j sourcing from the same sector abroad. 

Furthermore, the 𝐼𝐼𝑀𝑁𝑗
r  can be decomposed into two components: the intermediate goods 

directly imported from advanced and developing countries. 

On the other hand, the IIMB denotes the proportion of imported inputs from all upstream 

sectors of foreign countries: 

 

 𝐼𝐼𝑀𝐵𝑗
𝑟 = ( ∑ ∑𝑧𝑖𝑗

𝑠𝑟

𝑖∈𝑁𝑠∈𝐺,𝑠≠𝑟  

) 𝑦𝑗
𝑟⁄ . (5.13) 

 

The denominator in equation (5.13) is the final output of sector j in country r, while the 

numerator is the imported intermediate goods of sector j in country r sourcing from all sectors 

abroad. Similar to the 𝐼𝐼𝑀𝑁𝑗
𝑟, the 𝐼𝐼𝑀𝐵𝑗

𝑟 can also be decomposed into two components: the 

intermediate goods directly imported from advanced and developing countries. 

 

5.3.3 Data Sources 

The data used in this chapter is derived from two sources: World Input–Output Database 

(WIOD) and the OECD Inter-Country Input–Output (ICIO) Tables. The cost shares of labor 

inputs in final output can be calculated from the data in WIOD. International input–output 

tables and supplementary data come from the WIOD, which is constructed by connecting a set 

of national accounts statistics with supply and use tables. The WIOD provides time-series of 

international input–output tables from 1995 to 2011. The input–output tables cover information 

on the supply and use of intermediate goods of 35 sectors, together with data on final good 

outputs, value-added, and gross output. The sector-level data are classified at the two-digit 

International Standard Industrial Classification (ISIC) revision 3 level or group (including three 

aggregate industries: 2 primary industries, 14 manufacturing industries, and 19 services 

industries). The WIOD also provides national data across 40 economies (including 29 advanced 

economies, 11 developing economies), which account for 85 percent of world GDP in 2008. 

(Timmer et al., 2015). 

In addition, the analysis in this chapter relies on the data on quantities and value of labor 

and capital used in production. This collection of information is available in the so-called 
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Socio-economic account in WIOD, which can be used in conjunction with international input–

output tables where similar industry classifications are used. An important feature of Socio–

economic account is that it provides data on income and working hours of labor by the level of 

educational attainment. Three types of workers are classified according to the International 

Standard Classification of Education (ISCED): low-skilled (ISCED categories 1 and 2), 

medium-skilled (ISCED categories 3 and 4), and high-skilled (ISCED categories 5 and 6). 

Low-skilled roughly corresponds to less than secondary schooling; medium-skilled is 

equivalent to secondary schooling and above, including professional qualifications, but below 

college degree; high-skilled includes those with a college degree and above. Capital income is 

defined as a residual term, that is, gross value added minus labor income. 

The limitation of the WIOD is that it covers merely a small number of developing countries. 

It is not sufficient to use WIOD only to decompose FV according to sourcing origins. To 

overcome this shortcoming, the data sources also include the OECD ICIO Tables, which cover 

34 sectors of 63 economies (including 36 advanced economies and 27 developing 

economies).23 Most sectors in OECD ICIO Tables can be used in conjunction with the Socio-

economic account in WIOD. The crosswalk of sectors between the WIOD and ICIO Tables is 

provided in the Appendix C. The use of the OECD ICIO Tables is helpful to distinguish the 

FV sources from advanced countries and developing countries. 

 

5.4  Empirical Results 

 

This section shows the estimation results for the changes in the cost shares of domestic labor 

inputs by skill levels. We also calculate the foreign value-added share, an indicator that 

measures the reliance of production activities on imported intermediate inputs. Finally, a 

regression analysis is conducted to examine the effect of imported content on the cost shares 

of domestic labor inputs by skill levels. 

 

5.4.1 Labor Cost Shares by Skill Levels 

This subsection presents how the cost shares at the sector and country levels change between 

1995 and 2009. Figure 5.1 illustrates the changes in the cost share of domestic labor based on 

equation (5.10). Each dot represents the cost share of domestic labor in the final output of an 

 
23 In addition to 63 economies, there is an RoW region, four splitting tables of China, and three splitting tables of Mexico in 
the OECD ICIO Tables.   
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individual sector in a country. The cost share in 1995 is put on the horizontal axis, and 2009 is 

placed on the vertical axis, along with a 45-degree line. A sector experiences an increase in the 

cost share of domestic labor if the dot lies above the 45-degree line and a decrease if the dot 

lies below the 45-degree line. The upper panels are manufacturing sectors, while the lower 

panels are service sectors. For high-skilled labor, roughly 76 percent of manufacturing sectors 

and 72 percent of service sectors lie above the 45-degree line. This result implies that in most 

sectors, the change in the cost share of domestic high-skilled labor was on an upward trend 

during the period 1995–2009. Conversely, for low-skilled labor, about 19 percent of 

manufacturing sectors and 21 percent of service sectors lie above the 45-degree line, implying 

a pervasive decline in the cost share of domestic low-skilled workers. In particular, 

manufacturing sectors suffered more than service sectors. The changing pattern of medium-

skilled labor is ambiguous, with roughly 54 percent of both manufacturing and service sectors 

above the 45-degree line. This result suggests that half of the selected sectors experience a 

decline in the cost share of domestic medium-skilled labor, while the other half experienced an 

increase during the same period.  

 

 

 

Figure 5.2 shows the changes in the cost share of domestic labor by skill levels in advanced 

and developing countries. The upper panels show the results in advanced countries, while the 
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lower panels do in developing countries. For the high-skilled labor, roughly 89 percent of the 

advanced countries and 83 percent of the developing countries lie above the 45-degree line. 

This result implies that the cost share of domestic high-skilled labor in most sectors was on an 

upward trend during the period 1995–2009. For low-skilled labor, about 14 percent of advanced 

countries and 13 percent of developing countries lie above the 45-degree line. This result 

suggests a pervasive decline in the cost share of domestic low-skilled workers in both advanced 

and developing countries. However, the pattern of change in medium-skilled labor is 

ambiguous, with roughly 47 percent of sectors in both advanced and developing countries 

above the 45-degree line.  

 

 

 

Although Figures 5.1 and 5.2 show the overall trends in each skill group, they do not provide 

information on the labor costs in a specific sector. This chapter also estimates the average cost 

shares of 32 sectors in 1995 and 2009, which are weighted by each sector’s final good outputs. 

Figure 5.3 shows the cost shares of domestic high-skilled, medium-skilled, and low-skilled 

labor at the sectoral level in advanced countries. The results show that the service sectors tend 

to have larger cost shares of domestic high-skilled and medium-skilled labor, while having 

smaller cost shares of low-skilled labor. For the manufacturing sectors, the cost share of 

domestic high-skilled labor in the “electrical and optical equipment” sector is relatively large. 
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The cost shares of domestic low-skilled labor in the “textiles and textile products” and “leather 

and footwear” sectors are relatively small. The cost shares of high-skilled labor in most sectors 

rose during the period 1995–2009, except for the “coke, refined petroleum, and nuclear fuel” 

sector. Conversely, the cost shares of medium-skilled and low-skilled labor experienced 

downward trends for all sectors in the sample period.  

Figure 5.4 shows the cost shares of domestic high-skilled, medium-skilled, and low-skilled 

labor at the sectoral level in developing countries in 1995 and 2009. The results show that more 

service sectors have larger cost shares of domestic high-skilled and medium-skilled labor and 

have smaller cost shares of low-skilled labor. For the manufacturing sectors, the cost share of 

domestic high-skilled labor in the “pulp, paper, printing, and publishing” sector is relatively 

large. The cost share of domestic low-skilled labor in the “food, beverages, and tobacco” sector 

is relatively large. Similar to the advanced countries, the results show that the cost shares of 

domestic high-skilled labor in most sectors of developing countries increased from 1995 to 

2009. Conversely, the change in domestic low-skilled labor of developing countries 

experienced downward trends for most sectors from 1995 to 2009, except for two sectors: the 

“leather and footwear” and “real estate activities” sectors. The cost share of domestic medium-

skilled labor in developing countries also experienced a downward trend for most sectors, 

except for three service sectors.  
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Figures 5.5 and 5.6 plot the cost shares of domestic labor in the manufacturing and service 

sectors, respectively, in 1995 and in 2009 at the country level. The country-level calculation 

uses the final good outputs as weights in the same manner as  the sector-level calculation. The 

40 countries are divided into two groups: 29 advanced economies and 11 developing 

economies.24  

As shown in Figure 5.5, the cost shares of domestic high-skilled workers showed upward 

trends during the period 1995–2009, except for Mexico, which experienced a significant 

decrease. Countries such as the UK, Luxembourg, and Ireland had large magnitude increase in 

this period. Conversely, the cost shares of domestic low-skilled workers in most countries 

showed downward trends during the same period, except for Turkey, Estonia, and Denmark. 

However, the trends for the cost shares of domestic medium-skilled workers are unclear. 

Countries with smaller cost shares of domestic medium-skilled labor tend to exhibit slight 

upward trends, while countries with larger cost shares of domestic medium-skilled labor exhibit 

downward trends. In particular, Poland and Hungary show substantial decreases, whereas Italy 

and Cyprus show dramatic increases. Countries with larger cost shares of domestic high-skilled 

workers are concentrated in advanced countries, such as Korea, the USA, Germany, and Japan. 

On the other side of the spectrum, developing countries such as China, Turkey, and Bulgaria 

 
24 The 11 developing countries are classified according to the International Monetary Fund’s World Economic Outlook 

Database, including Bulgaria, Brazil, China, Hungary, Indonesia, India, Mexico, Poland, Romania, Russia, and Turkey.  
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have smaller shares of domestic high-skilled workers. As for domestic medium-skilled and 

low-skilled workers, the distribution across advanced and developing countries is ambiguous.  

Figure 5.6 shows the cost shares of domestic labor in the service sectors. The cost shares of 

domestic high-skilled workers showed upward trends during the period 1995–2009, except for 

Mexico, which experienced a significant decrease. Countries such as the UK, Indonesia, and 

Ireland had large magnitude of increase in this period. Conversely, the cost shares of domestic 

low-skilled workers showed downward trends during the same period. However, the shares of 

countries such as Turkey and Estonia increase. The trend for the cost shares of domestic 

medium-skilled workers is ambiguous. Countries with larger cost shares of domestic medium-

skilled labor exhibit downward trends, while countries with smaller cost shares of domestic 

medium-skilled labor exhibit slight upward trends. In particular, Poland and Hungary showed 

substantial decreases, whereas Italy and Greece showed dramatic increases in the sample period. 

Similar to the results in manufacturing sectors, countries with larger cost shares of domestic 

high-skilled workers in service sectors are concentrated in advanced countries, such as Korea, 

Cyprus, and Estonia. On the other side of the spectrum, developing countries such as China, 

Indonesia, and Turkey have smaller shares of domestic high-skilled workers in service sectors. 

As for domestic medium-skilled and low-skilled workers, the distribution across advanced and 

developing countries is mixed. Overall, the patterns of change in service sectors across the 

three skill types of labor have similar features with those in manufacturing sectors. 
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In summary, the empirical results in this subsection show that the cost share of domestic 

high-skilled labor in most sectors increased during the period 1995–2009, while the cost share 
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of domestic low-skilled labor in most sectors decreased in the same period. However, the 

change in the cost share of domestic medium-skilled labor is ambiguous. The results also show 

that service sectors tend to have larger cost shares of domestic high-skilled and medium-skilled 

labor, while having a smaller cost share of domestic low-skilled labor. Compared with the 

country-level results, we find that more advanced countries have larger cost shares of domestic 

high-skilled labor, while more developing countries have small shares. The distribution of the 

cost shares of domestic medium-skilled and low-skilled workers across advanced and 

developing countries is ambiguous. In addition, the declining cost shares of domestic medium-

skilled labor tends to concentrate in the countries with larger cost shares of domestic medium-

skilled labor, while countries with smaller cost shares of medium-skilled labor have in increase 

in the cost shares of domestic medium-skilled labor.  

 

5.4.2 Foreign Value-Added Share 

This subsection presents the results for the FV share in production, which is derived from 

equation (5.11). Figure 5.7 shows the average FV shares of 32 sectors in 1995 and in 2009. 

The results for advanced countries are illustrated in the left panel, while the results for 

developing countries are illustrated in the right panel. It is clear that most manufacturing sectors 

lie above service sectors, which implies that manufacturing sectors tend to have higher FV 

shares. In particular, sectors in advanced countries, such as “coke, refined petroleum, and 

nuclear fuel” and “transport equipment,” have higher FV shares. On the other hand, sectors in 

developing countries, such as “electronic and optical equipment” and “coke, refined petroleum, 

and nuclear fuel,” have higher FV shares. This result is consistent with the fact that production 

fragmentation is more prevalent in manufacturing sectors, so the production processes of 

manufacturing tend to be located in multiple locations around the world, relying on imported 

intermediate inputs for production. Moreover, the increase in the FV share is larger in advanced 

countries than in developing countries. This result corresponds to the fact that many 

multinational firms in advanced countries tend to offshore their production processes. As a 

result, an increased amount of imported intermediate inputs are needed for domestic production.   

Figure 5.8 shows the average FV shares at the country-level in manufacturing and service 

sectors. The result for manufacturing sectors is illustrated in the left panel, while the result for 

service sectors is in the right panel. For manufacturing sectors, higher FV shares are more likely 

to be concentrated in advanced countries, such as Ireland, Slovak Republic, and Czech 

Republic. For service sectors, the FV share of Luxembourg is higher and increases substantially. 
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The territories of these countries are relatively small, so they are more likely to depend on 

imported intermediate contents in production. In addition, EU countries such as Luxembourg, 

Belgium, and Spain tend to have higher FV shares because of the high level of trade 

liberalization within the region. As a result, these countries also exhibit dramatic increases in 

FV share. Conversely, some advanced economies such as Japan and the USA have lower levels 

of FV shares. This result suggests that these countries tend to rely more on domestically 

produced inputs in production. Moreover, Brazil and Russia show lower FV shares because 

they rely on the exports of primary goods. 
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A primary interest of this chapter lies in the correlation between the FV share and the cost 

share of domestic labor inputs. Figure 5.9 consists of three panels, which plot the changes in 

the cost shares of domestic high-skilled, medium-skilled, and low-skilled labor, against the 

changes in FV shares from 1995 to 2009. Each dot corresponds to a certain sector-country pair 

in the sample, which covers 32 sectors in 40 countries. These three panels provide a glimpse 

of the correlation between the FV share and the cost shares of different types of labor. In Panel 

A, the cost share of domestic high-skilled labor shows a slight downward trend as the FV share 

rises. However, the cost shares of domestic medium-skilled and low-skilled labor fall 

significantly as the FV share increases. These results imply that the impact of imported inputs 

on the demand for domestic high-skilled labor is relatively small. On the other hand, domestic 

medium-skilled and low-skilled labor are more likely to be threatened when they are exposed 

to imported inputs.  
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This subsection shows that compared with the service sectors, the manufacturing sectors in 

advanced and developing countries have larger FV shares. Finally, the negative correlation 

between imported inputs and the demand for medium-skilled and low-skilled labor is more 

noticeable than domestic high-skilled labor. To examine this relation more rigorously, we 

proceed to an econometrics analysis in the next subsection. 

 

5.4.3 Baseline Regression Results 

The regression analysis in this subsection draws on the data from WIOD. Two primary 

sectors of “agriculture, hunting, forestry and fishing” and “mining and quarrying” are excluded 

because the main interests of this chapter focus on the manufacturing and service sectors. 

Furthermore, we drop five service sectors containing a large number of missing data from the 

sample. Because the variable of the capital stock has many missing and negative values in 2008 

and 2009, we remove the data for these two years. Thus, the regression is based on an 

unbalanced panel dataset during the period 1995–2007. Independent variables include the 

wages of three types of labor (w), output (X), capital stock (K), foreign value-added (FV) share, 

the narrow measure of outsourcing (IIMN), and a broad measure of outsourcing (IIMB). Table 

5.1 shows the statistics summary of the variables in the regression analysis, which are reported 
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in terms of average log change during the period 1995–2007. First, the average changes in the 

cost shares of domestic labor inputs range from -0.003 to 0.002. The cost share of domestic 

high-skilled labor increases, on average. On the other hand, the cost shares of domestic 

medium-skilled and low-skilled labor decrease. Second, the average change in wages, which 

is the ratio of domestic labor income to the working hours of domestic labor, is also reported. 

The result shows that the wages of all three types of labor exhibit upward trends. Third, the 

working hours of domestic labor decline. Particularly, the decrease in low-skilled labor is larger 

than that in high-skilled and medium-skilled labor. Fourth, the changes in the three indicators 

of imported intermediate inputs (FV share, IIMB, and IIMN) show slight upward trends, which 

implies that the increased reliance of production on offshoring or foreign intermediate inputs. 

Finally, the outputs and capital stock increased during the sample period.   

   

 

 

Tables 5.2–5.4 show the baseline results for the regression framework based on equation 

(5.5). The dependent variables are the domestic labor demand for the three types of labor inputs, 
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which are each measured by the respective cost shares of domestic high-skilled, medium-

skilled, and low-skilled labor in final outputs. Furthermore, the regression framework uses 

three indicators for the imported inputs in production, including the FV share, IIMN, and IIMB. 

Th control variables include the hourly wages of domestic labor inputs, the outputs, and the 

capital stock of a sector.25 In the first three columns, the results are estimated by taking year-

by-year differences over the period 1995–2007. One of the potential problems in first 

differencing panel data is that it reduces the variation in the explanatory variables, probably 

resulting in estimation bias. To address this shortcoming, the regression is also implemented 

using a longer time difference between 1995 and 2007. These results are reported in the last 

three columns. 

The results suggest that the effects of wages on the cost shares of domestic labor inputs are 

ambiguous. The own-wage coefficients are positive and significant, while the cross-wage 

coefficients are negative. For example, Table 5.2 shows that the cost share of domestic high-

skilled labor is positively affected by the change in the wages of domestic high-skilled labor, 

while it is negatively affected by the changes in the wages of domestic medium-skilled and 

low-skilled labor. Tables 5.3 and 5.4 also show that the same results can be observed in 

medium-skilled and low-skilled labor. Because the primary interest of this chapter is the effects 

of imported inputs on the cost share of domestic labor, the explanation about the coefficient on 

wages will be omitted hereafter. 

Table 5.2 shows the results in the case that the cost share of domestic high-skilled labor is 

the dependent variable. The coefficients on FV share, IIMB, and IIMN are negative and 

significant across different specifications. This result suggests that imported inputs in 

production have an adverse effect on the demand for domestic high-skilled labor. It should be 

noted that there are variations across the coefficients on FV share, IIMB, and IIMN. The IIMB 

and IIMN, which measure the direct imports of intermediate goods, have larger impacts on 

labor demand than the FV share. In addition, when using long-term differences, the coefficients 

on the three indicators are still negative and significant. Similarly, the coefficients on IIMB 

and IIMN are larger than those on the FV share. The output and capital stock have significant 

and negative effects on the cost share of domestic high-skilled labor.   

 

 
25 The hourly wage of a sector is measured by the ratio of domestic labor income to the working hours of domestic labor. The 

results for domestic labor income and working hours of domestic labor are calculated based on the input–output model. Data 

on capital stock and output are directly obtained from the WIOD.  
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Table 5.3 presents the results in the case that the cost share of domestic medium-skilled 

labor is the dependent variable. The results, which are similar to those in Table 5.2, show that 

imported inputs have negative effects on the cost shares of domestic medium-skilled labor.  In 

particular, the magnitude of these negative impacts on medium-skilled labor is much larger 

than those on high-skilled labor. This finding is consistent with Foster-McGregor, Stehrer and 

de Vries (2013), who show that domestic medium-skilled workers suffer the most from 

international sourcing. Moreover, the coefficients on IIMB and IIMN are larger than those on 

the FV share in absolute value. This result may suggest that direct imports of intermediate 

goods have larger impacts on the domestic labor demand than the FV share. Moreover, in the 

case of using long-term differences, the coefficients on the three indicators are still negative 

and significant. Similarly, the coefficients on IIMB and IIMN are larger than that on the FV 

share. The output and capital stock have significant and negative effects on the cost share of 

domestic medium-skilled labor. 
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Table 5.4 shows the results in the case that the cost share of domestic low-skilled labor is the 

dependent variable. We confirm a strongly negative correlation between the cost share of 

domestic low-skilled labor and imported inputs. In the first three columns, we find that the FV 

share has a larger impact on the cost share of domestic low-skilled labor than the direct imports 

of intermediate goods do. Conversely, the results in the last three columns show that the direct 

imports of intermediate goods have larger impacts on the cost share of domestic low-skilled 

labor than the FV share does. Thus, the magnitudes of the impacts of the FV share and the 

direct imports of intermediate goods are ambiguous. The output and capital stock have 

significant and negative effects on the cost share of domestic low-skilled labor. 
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In summary, this subsection has examined the relationship between imported intermediate 

inputs and the cost shares of domestic labor of different skill levels. We confirm that the 

imported inputs in production have a significant negative impact on domestic labor demand, 

irrespective of skill levels. In other words, the cost shares of high-skilled, medium-skilled, and 

low-skilled labor in production tend to decline due to imported inputs. In particular, the 

reduction in the demand for domestic medium-skilled labor is the most substantial. In addition, 

the direct imports of intermediate goods tend to exaggerate the role of international sourcing 

by declining the cost shares of domestic high-skilled and medium-skilled labor. It is natural to 

speculate that the domestic labor demand of a sector would be impacted more by the direct 

imports of intermediate inputs from the same sector. The measures of IIMB and IIMN are based 

on the assumption that no domestic content is embedded in imported intermediate goods. This 

assumption is weak because it does not consider the fact that the production of intermediate 

goods also requires multi-stage production processes that are located at home and abroad. Thus, 

the role of the direct imports of intermediate inputs could be exaggerated if there is a proportion 
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of domestic content indirectly embedded in the imported intermediate goods. The domestic 

content embedded in imported intermediate inputs may be associated with an increasing 

demand for domestic labor. Thus, the effects of the FV share and direct imports of intermediate 

inputs are likely to be different. Moreover, the magnitudes of the impacts of the FV share and 

direct imports of intermediate goods are ambiguous in low-skilled labor. A possible 

explanation for this is that the domestic content embedded in imported intermediate goods and 

services requires more high-skilled and medium-skilled labor, and only a small proportion of 

low-skilled labor. Thus, the effect of domestic content embedded in imported intermediate 

inputs could be much smaller than that of direct imports.   

 

5.4.4 Results According to Different Sourcing Origins 

This subsection examines the effects of imported inputs on the cost shares of domestic labor 

inputs by taking into consideration different sourcing countries. In the preceding subsections, 

the FV is calculated regardless of origins, that is, tracing the overall FV from all the upstream 

countries and sectors. However, the FV originating from different countries tends to exert 

different effects on the labor demand. On the one hand, offshoring or foreign outsourcing to 

developing countries has been blamed for job and income losses in many advanced countries. 

Therefore, it is worthwhile to examine the effects of imported intermediate inputs on the labor 

demand by distinguishing among different sourcing origins. 

As noted earlier, because the WIOD only contains a small number of developing countries, 

it provides limited information about the imported content from developing countries. To 

overcome the difficulty, this subsection merges the WIOD with the OECD ICIO tables, which 

cover a collection of data across 64 countries. In particular, 34 advanced and 30 developing 

countries are included in the ICIO database, which covers a wider range of countries than the 

WIOD. Data on quantities and value of labor and capital inputs are derived from the WIOD, 

while the input–output tables are derived from the ICIO database. This merged dataset can 

identify the imported contents from different sourcing origins more precisely.    

Figure 5.10 plots the average FV share in the final output, which is divided into two 

destination country groups: advanced countries (left panel) and developing countries (right 

panel). The average FV share of each group is measured by using the final outputs of each 

sector as weights. For each destination country group, the FV is split according to sourcing 

origins. In each panel, the origin of the FV is divided into advanced countries (FV1) and 

developing countries (FV2). Specifically, FV1 represents the FV share originating from 
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advanced countries, while FV2 represents the FV share originating from developing countries. 

In both advanced and developing countries, FV1 is higher than FV2. In the left panel, the 

FV1 of advanced countries ranges from 6.9 to 8.2 percent, while the FV2 of advanced countries 

ranges from 2 to 5.4 percent during the period 1995–2011. In the right panel, the FV1 of 

developing countries ranges from 7.9 to 9.8 percent, while the FV2 of developing countries 

ranges from 2.8 to 6.7 percent during the same period. Even though the importance of 

developing countries in the GVCs has risen dramatically during recent decades, advanced 

countries still have comparative advantages over developing countries in many high value-

added sectors. The production of both advanced and developing countries relies more on the 

FV imported from advanced countries.  

Furthermore, the gap between FV1 and FV2 has decreased over time, especially for 

developing countries. In the left panel, the FV1 of advanced countries showed an overall 

upward trend from 1995 to 2011, rising by roughly 0.8 percentage points from 6.9 percent in 

1995 to 7.7 percent in 2011. Similarly, the FV2 of advanced countries also increased during 

the same period, rising by 3.4 percentage points from 2 percent in 1995 to 5.4 percent in 2011. 

In the right panel, the change in FV1 of developing countries exhibits two phases. The FV1 

rose during the period 1995–2004, reaching a peak of 9.8 percent in 2004. However, the FV1 

took on a downward trend during the period 2005–2011, falling from 9.5 percent in 2005 to 8 

percent in 2011. On the other hand, the FV2 of developing countries increased by 3.7 

percentage points from 2.8 percent in 1995 to 6.5 percent in 2011. Given that advanced 

countries are superior in producing high-value intermediate inputs, they tend to lie in the 

upstream position of GVCs, supplying intermediate inputs to other countries. Since the mid-

2000s, the souring origins of developing countries shifted from advanced countries to 

developing countries. Notably, the role of developing countries in producing intermediate 

inputs for other countries in GVCs has increased. This result can be explained by the trend that 

a large number of multinational firms in advanced countries began to shift their labor-intensive 

manufacturing processes toward developing countries. It is not surprising that advanced 

countries’ production increasingly depends on foreign content imported from developing 

countries. Some developing countries have gained the ability to provide a wide range of 

intermediate inputs for other countries, which has contributed to a phenomenal increase in the 

FV sourced from developing countries. This trend has become more marked since China joined 

the WTO in 2001 and began to supply more intermediate inputs in GVCs.  
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Alternatively, the imported contents in production are measured by the share of directly 

imported intermediate goods and services in final outputs following Feenstra and Hanson 

(1999), including the broad measure of foreign outsourcing (IIMB) and the narrow measure of 

foreign outsourcing (IIMN). Figure 5.11 shows the changes in IIMB and IIMN during the 

period 1995–2011, by different destination country groups: advanced countries (left panel) and 

developing countries (right panel). The average IIMB and IIMN of each group are measured 

by using the final outputs of each sector as weights. For each destination country group, the 

IIMB and IIMN are divided according to sourcing origins. For the broad measure of foreign 

outsourcing, IIMB1 and IIMB2 refer to the share of directly imported intermediate inputs from 

advanced and developing countries, respectively. Similarly, for the narrow measure of foreign 

outsourcing, IIMN1 and IIMN2 refer to the share of directly imported intermediate inputs from 

advanced and developing countries, respectively.  

Similar to the results of FV share, both advanced and developing countries tended to import 

a larger share of direct intermediate inputs from advanced countries during the period 1995–

2011. In the left panel, the IIMB1 of advanced countries ranges from 4.1 to 5 percent, while 

the IIMB2 of advanced countries ranges from 1.1 to 2.8 percent. In the right panel, the IIMB1 

of developing countries ranges from 4.5 to 5.9 percent, while the IIMB2 of developing 

countries ranges from 1.6 to 3.4 percent.  
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The changes in IIMB and IIMN during the period 1995–2011 are comparable to those in 

FV shares. In the left panel, the IIMB1 of advanced countries showed an overall upward trend 

from 1995 to 2011, rising by roughly 0.6 percentage points from 4.1 percent in 1995 to 4.7 

percent in 2011. And the IIMB2 of advanced countries increased by roughly 1.7 percentage 

points from 1.1 percent in 1995 to 2.8 percent in 2011. Furthermore, the changes in IIMN1 and 

IIMN2 of advanced countries were stable in the sample period, showing slight upward trends. 

In the right panel, IIMB1 of developing countries rose by roughly one percentage point from 

1995 to 2004, while it fell by 1.4 percentage points during the period 2004–2011. On the other 

hand, IIMB2 of developing countries showed an overall upward trend, increasing by 

approximately 1.6 percentage points. Furthermore, IIMN1 and IIMN2 of developing countries 

leveled off around 1.2 and 0.4 percent, respectively, during the sample period. 

 

 

 

This subsection shows the changes in the three indicators of FV share, IIMB, and IIMN, 

which are decomposed by different destination country groups and sourcing origins. By 

examining the indicators of FV share, IIMB, and IIMN, we confirm that the production in both 

advanced and developing countries tends to rely more on foreign content from advanced 

countries. In particular, the foreign content in the outputs of developing countries is larger than 

those of advanced countries. In addition, the above results reveal that the proportion of 
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imported content that originate from developing countries has increased substantially. Notably, 

developing countries tend to shift their sourcing origins from advanced countries to developing 

countries. Finally, the increase in IIMB is larger than IIMN, which means that the development 

of international sourcing across different industries is more remarkable than international 

sourcing within the same industry. The next subsection will show how different sourcing 

origins affect the demand for domestic labor. 

 

5.4.5 Regression Results by Different Sourcing Origins 

This subsection examines the effect of imported inputs on the skilled structure of labor 

demand by taking into consideration the origins of imported inputs. Tables 5.5–5.7 present the 

results for when the dependent variables are the cost shares of domestic high-skilled, medium-

skilled, and low-skilled labor. Furthermore, the dependent variables are divided into two groups: 

the labor cost shares of advanced and developing countries. The odd-numbered columns 

contain the results for when the dependent variables are the cost shares of labor factors of 

advanced countries, and the even-numbered columns contain the results for when the 

dependent variables are the cost shares of the labor factors of developing countries. 

On the side of independent variables, the origin of FV share is decomposed into two 

components: the FV sourced from advanced countries (FV1) and the FV sourced from 

developing countries (FV2). In addition, the measures of the directly imported intermediate 

inputs in production are added in the specification. Because the measure for foreign 

outsourcing across different industries is more prevalent and similar to the estimation of FV 

shares, only the IIMB are included in the specification. The origin of the directly imported 

intermediate goods is divided into two components: the proportion sourced from advanced 

countries (IIMB1) and the proportion sourced from developing countries (IIMB2). In addition, 

both the OLS estimation, which is based on year-by-year differences, and the SUR estimation, 

which is based on long-term (12 years) differences during the period 1995–2007, are presented 

in the table. 

Column (1) in Table 5.5 shows that the FV1 and FV2 have significant negative effects on 

the cost share of domestic high-skilled labor in advanced countries. For advanced countries, a 

percentage point increase in the FV1 and FV2 is associated with 0.016 and 0.038 percentage 

point declines, respectively, in the cost share of domestic high-skilled labor. These results 

suggest that the FV originating from developing countries accounted for a larger proportion of 

the declining domestic high-skilled labor in advanced countries over the sample period. 
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Furthermore, column (2) presents the results for when the dependent variable is the cost share 

of domestic high-skilled labor in developing countries, and the coefficients on both FV1 and 

FV2 are not statistically significant. The results, which are based on long-term differences 

between 1995 and 2007, in columns (3) and (4) indicate that the coefficients on both FV1 and 

FV2 are not statistically significant.  

The results in column (5) show that IIMB1 and IIMB2 exert negative and significant effects 

on the cost share of high-skilled labor in advanced countries. Specifically, a percentage point 

increase in the IIMB1 and IIMB2 is associated with 0.017 and 0.03 percentage point declines, 

respectively, in the cost share of domestic high-skilled labor in advanced countries. This result 

implies that direct imports from developing countries account for a larger proportion of the 

declining domestic high-skilled labor in advanced countries. In column (6), IIMB1 and IIMB2 

are negatively correlated with the cost share of domestic high-skilled labor in developing 

countries at the 10 percent significance level. A percentage point increase in the IIMB1 and 

IIMB2 is associated with 0.023 and 0.022 percentage point declines, respectively, in the cost 

share of domestic high-skilled labor in developing countries. Next, the results in columns (7) 

and (8) show SUR estimations for the long-term differences. Column (7) reveals that IIMB1 

has a negative and significant effect on the cost share of high-skilled labor in advanced 

countries at the 10 percent significance level, and the cost share of domestic high-skilled labor 

in advanced countries decreases by 0.052 percentage points due to the change in IIMB1. On 

the other hand, the coefficient on IIMB2 is not statistically significant. In column (8), IIMB1 

has a negative and significant effect on the cost share of domestic high-skilled labor in 

developing countries at the 10 percent significance level, and the cost share of domestic high-

skilled labor in developing countries decreases by 0.118 percentage points due to the change 

in IIMB1. However, the coefficient on IIMB2 is not statistically significant.  

Overall, the above results reveal that both FV1 and FV2 have significant negative effects on 

the cost share of domestic high-skilled labor in advanced countries based on the OLS 

estimation. In addition, we find that the coefficient on FV2 is larger than that on FV1, which 

implies that the imported intermediate inputs from developing countries account more for the 

falling demand for domestic high-skilled labor in advanced countries. The effects of FV1 and 

FV2 on domestic high-skilled labor in developing countries is not clear. However, using the 

indicator of IIMB, we find that the cost share of domestic high-skilled labor in developing 

countries is negatively impacted by the direct imports of intermediate inputs from both 

advanced and developing countries.  
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Table 5.6 presents the results for when the dependent variable is the cost share of domestic 

medium-skilled labor in final outputs. Column (1) shows that FV1 and FV2 are negatively 

associated with the cost share of domestic medium-skilled labor in advanced countries during 

the sample period. Specifically, a percentage point increase in the FV1 and FV2 leads to 0.024 

and 0.033 percentage point declines, respectively, in the cost share of domestic medium-skilled 

labor in advanced countries. The results also imply that the FV originating from developing 
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countries tends to have a larger impact on the demand for domestic medium-skilled labor in 

advanced countries. Column (2) reports the change in the cost share of domestic medium-

skilled labor in developing countries due to FV1 and FV2. Similarly, the coefficients on FV1 

and FV2 are negative and significant as a percentage point increase in the FV1 and FV2 is 

associated with 0.036 and 0.033 percentage point declines, respectively, in the cost share of 

domestic medium-skilled labor in developing countries. The coefficient on FV1 is slightly 

larger than that on FV2 in absolute value. Columns (3) and (4) present the SUR estimation 

based on long-term differences. However, the coefficients on FV1 and FV2 are not statistically 

significant.  

The last four columns show the results for when the independent variables include IIMB1 

and IIMB2. In column (5), a percentage point increase in IIMB1 and IIMB2 is associated with 

0.027 and 0.033 percentage point declines, respectively, in the cost share of domestic medium-

skilled labor in advanced countries. The coefficient on IIMB2 is larger than that on IIMB1 in 

absolute value in advanced countries, which implies that the cost share of domestic medium-

skilled labor in advanced countries declines due largely to the imported inputs originating from 

developing countries. Column (6) reveals that IIMB1 and IIMB2 have negative and significant 

effects on the cost shares of domestic medium-skilled labor in developing countries. In other 

words, a percentage point increase in the IIMB1 and IIMB2 is associated with 0.053 and 0.029 

percentage point declines, respectively, in the cost share of domestic medium-skilled labor in 

developing countries. The coefficient on IIMB1 is larger than that on IIMB2 in absolute value 

in developing countries, which suggests that the cost share of domestic medium-skilled labor 

in developing countries declines due largely to imported inputs originating from advanced 

countries. Columns (7) and (8) present the SUR estimation based on the long-term differences 

between 1995 and 2007. There is a negative and significant correlation between IIMB2 and the 

cost share of domestic medium-skilled labor in advanced countries. A percentage point increase 

in the IIMB2 is associated with a 0.062 percentage point decline in the cost share of domestic 

medium-skilled labor in advanced countries. 

To summarize, the above results reveal that FV1 and FV2 exert significant negative effects 

on the cost share of domestic medium-skilled labor. In addition, we find that imported inputs 

from developing countries accounts for a larger proportion of the declined domestic medium-

skilled labor demand in advanced countries, whereas the imported inputs from advanced 

countries contribute to a larger proportion of the decreased demand for domestic medium-

skilled labor in developing countries. The results hold true when we use the indicators of FV 
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share and IIMB in the regression framework. The result using the SUR estimation based on 

long-term differences shows that the IIMB originating from developing countries is negatively 

associated with the cost share of domestic medium-skilled labor in advanced countries. 
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Table 5.7 presents the results when the dependent variable is the cost share of domestic low-

skilled labor in the final outputs. Column (1) shows that both FV1 and FV2 reduce the cost 

share of domestic low-skilled labor in advanced countries, and the magnitudes of their 

decreases are almost identical. Specifically, in advanced countries, a percentage point increase 

in the FV1 and FV2 is associated with 0.02 and 0.018 percentage point declines, respectively, 

in the cost share of domestic low-skilled labor. Column (2) reports the change in the cost share 

of domestic low-skilled labor in developing countries due to FV1 and FV2. The results reveal 

that FV1 and FV2 negatively impact the cost share of domestic low-skilled labor in developing 

countries. A percentage point increase in the FV1 and FV2 is associated with 0.104 and 0.069 

percentage point declines, respectively, in the cost share of domestic low-skilled labor for 

developing countries. In particular, the coefficient on FV1 is larger than that for FV2 in 

absolute value, which suggests that the demand for domestic low-skilled labor in developing 

countries decreases more substantially due to FV from advanced countries. Furthermore, the 

SUR estimation results in column (3) show that FV1 and FV2 are negatively associated with 

the cost share of domestic low-skilled labor in advanced countries. And a percentage point 

increase in the FV1 and FV2 causes 0.085 and 0.105 percentage point declines, respectively, 

in the cost share of domestic low-skilled labor in advanced countries. The coefficient on FV2 

is larger than that on FV1 in absolute value, which implies that the demand for domestic low-

skilled labor in advanced countries decreases more substantially due to FV from developing 

countries based on long-term differences. In column (4), the coefficient on FV2 is not 

statistically significant, which suggests that the correlation between the cost share of domestic 

low-skilled labor in developing countries and the FV2 is not clear for a long period. However, 

the cost share of domestic low-skilled labor in developing countries increases due to the change 

in FV1. This result suggests that the cost share of domestic low-skilled labor in developing 

countries tends to benefit from the FV originating from advanced countries. A possible 

interpretation of this result is that most firms in developing countries participate in GVCs by 

specializing in labor-intensive tasks, most of which disproportionately require low-skilled 

labor. Multinational firms in advanced countries tend to relocate labor-intensive production 

processes to developing countries that require imported inputs such as capital, technology, and 

intermediate goods from advanced countries. Thus, the outputs of labor-intensive industries in 

developing countries could rise, which further increases the demand for low-skilled labor.  

The last four columns show the results when IIMB1 and IIMB2 are included in the 

specification. In columns (5) and (6), a percentage point increase in the IIMB1 and IIMB2 is 
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associated with 0.016 and 0.014 percentage point declines, respectively, in the cost share of 

domestic low-skilled labor in advanced countries. Moreover, a percentage point increase in the 

IIMB1 and IIMB2 is associated with 0.147 and 0.072 percentage point declines, respectively, 

in the cost share of domestic low-skilled labor in developing countries. These results suggest 

that both the IIMB1 and IIMB2 have significant negative effects on the cost share of domestic 

low-skilled labor, which are basically consistent with the results in columns (1) and (2). In 

addition, the results based on the long-term differences in columns (7) and (8) are close to those 

in columns (3) and (4). In other words, the cost share of domestic low-skilled labor in advanced 

countries decreases by 0.081 and 0.083 percentage points due to a one percentage point rise in 

IIMB1 and IIMB2, respectively. And the cost share of domestic low-skilled labor in developing 

countries increases by 0.173 percentage points due to a one percentage point rise in IIMB1, 

confirming that the direct imports from advanced countries exert a positive impact on the cost 

share of domestic low-skilled labor in developing countries. A distinctive feature here is that 

all the coefficients on the constant terms are negative and statistically significant, which means 

that, on average, the cost share of domestic low-skilled labor falls during the sample period. 

Specifically, the magnitude of the decrease is more pronounced in developing countries. 

The above results show that the cost share of domestic low-skilled labor is negatively 

impacted by FV1 and FV2. Based on year-by-year difference estimation, we find that domestic 

low-skilled labor demand in advanced countries declines almost equally due to imported inputs 

from advanced and developing countries. Imported inputs from advanced countries account for 

a larger proportion of the declining domestic low-skilled labor demand in developing countries. 

Additionally, based on long-term differences estimation, we find that imported inputs from 

advanced and developing countries are associated with the declining domestic low-skilled labor 

demand in advanced countries. The imported inputs sourced from advanced countries lead to 

the increased demand for domestic low-skilled labor in developing countries. 
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5.5 Conclusion 

Focusing on sector-level studies, this chapter has examined the impacts of the expanding GVCs 

on the cost shares of domestic labor inputs and has refined the empirical strategy of previous 

studies. Using international input–output tables allows us to measure the changes in the cost 

share of domestic labor due to participating in GVCs. In addition, compared with gross trade 

statistics, the analysis based on the input–output model can capture the linkages directly and 

indirectly embedded in production. In this chapter, we measure the cost share of domestic labor 
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in final outputs to reflect the demand for domestic labor. In addition, the reliance of production 

on imported inputs is measured by FV share, which captures the foreign content directly and 

indirectly embedded in the production of final outputs. The empirical framework is derived 

from a short-run translog cost function to quantify the effect of imported inputs on the labor 

market.  

Using international input–output tables from the WIOD, several characteristics of the skill 

structure of labor demand and foreign intermediate inputs can be found. First, the cost share of 

domestic high-skilled labor in most sectors increased during the period 1995–2009, while the 

cost share of domestic low-skilled labor in most sectors decreased in the same period. The 

change in the cost share of domestic medium-skilled labor is ambiguous. Second, the results 

also show that compared with manufacturing sectors, service sectors tend to have larger cost 

shares of domestic high-skilled and medium-skilled labor while having a smaller cost share of 

low-skilled labor. Third, advanced countries are more likely to have a larger cost share of 

domestic high-skilled labor, while developing countries tend to have a small cost share of 

domestic high-skilled labor. Fourth, the declining cost share of domestic medium-skilled labor 

tends to be the countries with larger cost shares of domestic medium-skilled labor, while 

countries with small cost shares of medium-skilled labor tend to increase the cost shares of 

domestic medium-skilled labor. Finally, compared with service sectors, manufacturing sectors 

in advanced and developing countries have larger FV shares. 

Our regression analysis yields several interesting findings. First, the FV share reduces the 

cost shares of domestic labor across all skill levels. In particular, the demand for domestic 

medium-skilled labor decreases most significantly due to imported inputs. Second, this chapter 

has examined how the skill structure of the labor demand in advanced countries responds to 

imported inputs originating from advanced and developing countries. The results indicate that 

the demand for domestic high-skilled and medium-skilled labor in advanced countries is 

negatively impacted by the FV share sourced from developing countries in the case of year-by-

year difference estimation. The FV share sourced from developing countries is negatively 

associated with the demand for domestic low-skilled labor in advanced countries in the case of 

both year-by-year and long-term differences estimation. Third, the regression results also show 

how the skill structure of the labor demand in developing countries responds to imported inputs 

originating from advanced and developing countries. The FV share sourced from advanced 

countries contributes more to the decreases in demand for medium-skilled labor in developing 

countries. However, a notable result shows that the FV share originating from advanced 
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countries increases the demand for low-skilled labor in developing countries when the 

estimation is based on long-term differences estimation.   

Furthermore, when compared with the FV share, this study also uses a traditional indicator 

to measure the direct imported intermediate inputs. The results based on this traditional 

indicator are generally close to those based on the FV share. However, these two indicators 

have slightly different magnitudes of influence on the labor demand. A potential explanation 

is that traditional indicators fail to account for the indirect linkage within GVCs. As GVCs 

become increasingly sophisticated, we need a reliable indicator in empirical studies to measure 

the dependence of production activities on GVCs. The FV share directly and indirectly captures 

the imported contents embedded in products that usually cross the international borders several 

times. For this reason, the use of the FV share is preferred to capture how a sector or country 

relies on imported inputs for production. 

The analysis of this chapter has some limitations. First, the cost shares of domestic labor by 

skill levels can be estimated mainly for advanced countries because only a small sample of 

developing countries are covered in the WIOD. As developing countries become increasingly 

important in the GVCs, it is natural to speculate that an upgraded skill structure will be 

observed in many developing countries, particularly in East Asia. Examining the effects of 

GVC participation on the skill structure of labor demand in this region would provide insights 

into the economic growth in developing countries. Second, further investigation of how indirect 

linkages between countries affect the skill structure of labor demand is needed. For example, 

Wang, Wei and Zhu (2013) decompose the exports into value-added terms. Following their 

method, we can estimate the value-added created by domestic labor but re-imported back to 

the home country as imported intermediate goods. Third, this chapter has only examined the 

effects of international trade on the labor market without considering technological changes. 

The use of new technology is an important factor that affects the skill structure of labor demand. 

The “routinization hypothesis” introduced by Auto, Levy and Murnane (2003) shows that new 

information technology capital complements workers who are engaged in abstract tasks, 

substitutes for workers performing routine tasks, and has little effect on workers performing 

manual and service tasks. A large body of research has sought to examine how technological 

changes affect labor demand by using the routinization hypothesis (Goos, Manning and 

Salomons 2014; Michaels, Natraj and Reenen 2014; Reijnders, Timmer and Ye 2016). The 

next step of this study would use proxies for technology improvements such as ICT capital and 

research and development expenditure to empirically test the routinization hypothesis.  
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In addition, the recent research tends to focus on worker-level and occupation-level data to 

consider heterogeneity in worker ability. The impacts of international sourcing may arise 

through changes in the skilled structure of labor demand within industry. To address this issue, 

studies using a matched worker-firm database could examine various characteristics of worker. 

The link between offshoring and skill structure plays an important role for policy 

recommendations and needs to be analyzed comprehensively both at macro- and micro-levels. 
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Chapter 6 Conclusion 

6.1 Conclusion Remarks 

The rise of global value chains (GVCs) has dramatically reshaped production patterns and 

international trade, which creates the scope to derive new insights into trade theories and policy 

implications relevant to globalization. This thesis focuses on the following four questions 

relevant to GVCs and Chinese economy. First, do traditional trade statistics reflect the real 

picture of China’s participation in GVCs? Second, why does the domestic value-added (DVA) 

of China’s exports change? Third, how does the change in productivity affects the export 

performance of Chinese firms? Fourth, how does participation in GVCs affect the skill 

structure of labor demand? 

This study is based on a crucial implication that gross trade statistics are not reliable to 

reflect a country’s participation in GVCs. As production fragmentation becomes prevalent 

across many countries, an increasing discrepancy occurs between gross trade and value-added 

trade. Recent studies turn to evaluate value-added terms in exports. For example, the exports 

of a product can be decomposed into value-added that is created domestically and abroad. To 

answer the first two research questions, Chapter 3 measures the DVA of China’s exports during 

the period 2000–2014 using the World Input–Output Database. The results confirm that the 

gap between the DVA and gross exports varies across industries. In addition, we use a structural 

decomposition analysis (SDA) to examine nine determinants that affect the change in DVA of 

China’s exports over time. Moreover, the SDA analysis of China is compared with those of 

Japan and the US to reveal different changing patterns of DVA in the exports of the three 

countries. From the above analysis, we find the following four notable facts. First, although the 

export share of high technology manufacturing goods has risen significantly, the change in 

export structure does not lead to the increase in the DVA of China’s exports. Second, the 

substitution of domestically produced intermediate inputs for imported intermediate inputs 

raised the DVA of China’s exports after the mid-2000s, while it decreased the DVA of Japanese 

and US exports in most time. Third, the rise in DVA of China’s exports was accompanied by 

the substitution of labor income for capital income. However, the same result was absent in 

Japan and the US. Finally, the increases in labor productivity and wage per person contributed 

greatly to the growth in DVA of China’s exports.  



147 

 

A growing volume of empirical studies have explored firms’ participation in GVCs and 

identified heterogeneous characteristics across firms. This firm heterogeneity provides 

important evidence to show about its position occupied in GVCs. Chapter 4 examines the 

performance of China’s manufacturing firms. The multi-product firm model of Bernard, 

Redding and Schott (2011) allows firms with different levels of productivity to endogenously 

choose the scope of products and export destinations. Following this model, this chapter 

empirically investigate the relationship between firm-level productivity and exports, which are 

decomposed into extensive and intensive margins. The extensive margin includes the number 

of products and export destinations. On the other hand, the intensive margin includes the 

average firm-level exports per product-country and the amount of the firm’s top-exporting 

product. In addition, we explore various effects of firm-level productivity on exports in the 

case that Chinese firms engage in ordinary and processing exports. Using Chinese production 

and trade data during the period 2000–2006, we get the following results. First, as firms are 

more productive, they have larger total exports. For the extensive margins, the productivity of 

Chinese firms is positively associated with the number of export products and destination 

countries, the average exports per product-country, and the export value of firm’s top-exporting 

product. These results are generally consistent with the predictions of Bernard, Redding and 

Schott (2011). Second, ordinary exporters with higher productivity tend to serve a wider range 

of destination countries and concentrate on the exports of their top-exporting products. Third, 

processing exporters with higher productivity tend to export more products and serve a wider 

range of destination countries, while the relationship between productivity and average exports 

per product-country is not statistically significant. Finally, mixed exporters whose top-

exporting product is processing exports have larger total exports, average exports per product-

country, and top-export product value while covering a smaller number of products. 

The increasing prevalence of production fragmentation within GVCs has attracted 

substantial attention in the field of international trade. Production activities in GVCs 

increasingly rely on foreign content and international outsourcing, which boosts trade in 

intermediate goods. GVCs not only affect international trade but also have profound impacts 

on the labor market. In response to the fourth research question, in Chapter 5, we examine the 

impacts of the expanding GVCs on the demand for domestic high-skilled, medium-skilled, and 

low-skilled labor. Using international input–output tables, we trace the cost share of domestic 

labor inputs directly and indirectly embedded in domestic production activities. In addition, 

two indicators are employed to measure the extent to which production activity relies on 
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imported inputs: the foreign value-added (FV) share and the direct import share of intermediate 

goods. Furthermore, the two indicators of imported inputs are broken down by different 

sourcing origins. In particular, this decomposition allows us to examine how the imported 

inputs from developing countries affect the labor demand in advanced countries. From the 

analysis in this chapter, we get the following findings. First, the results show that an increase 

in the FV share reduces the cost shares of all skill levels of domestic labor. Specifically, the 

increase in the FV share contributes more largely to the decrease in the demand for medium-

skilled labor. Second, an increase in the FV share sourced from developing countries accounts 

for a larger proportion of declines in the demand for domestic high-skilled and medium-skilled 

labor in advanced countries in the case that the estimation is based on year-by-year differences. 

The FV share sourced from developing countries has a negative effect on the demand for 

domestic low-skilled labor in advanced countries in the cases of both year-by-year and long-

term differences. Third, the FV share originating from advanced countries raises the demand 

for low-skilled labor in developing countries in the case that the estimation is based on long-

term differences. Finally, the results based on the traditional indicator of direct imports are 

generally close to those based on the FV share. However, these two types of indicators tend to 

have different magnitudes of influence on labor demand.  

 

6.2 Policy Implications 

The analysis of GVCs provides crucial implications to international trade, industrial 

development, and labor markets. Traditional trade statistics tend to be increasingly 

unrepresentative to reflect the real status of a country’s participation in GVCs for both 

advanced and developing countries. In particular, many developing countries often occupy the 

downstream position of GVCs, specializing in labor-intensive production activities. In some 

high-technology product exports, only a small proportion of DVA is likely to be attributed to 

developing countries. Even though the exports of the country can be very large in gross term, 

it cannot accurately reflect the country’s position in GVCs. Measuring the value-added content 

in trade has presented a new perspective for traditional trade indicators, such as trade balance, 

comparative advantage, trade gains, and trade barriers. For example, if policymakers and 

researchers use the traditional trade statistics, their estimation results become less likely to 

depict an accurate picture of trade in value-added from now on. In making some trade policies, 

it will be important for policymakers to be well aware of a new view of value-added.  
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Quantifying the determinants that affect the DVA growth of China has important 

implications in policy analysis. As the DVA reflects a part of GDP, the measurement of DVA 

is utilized for investigating the relationship between trade policies and economic growth. Our 

empirical result in Chapter 3 shows a decreased effect of total exports on the DVA of China’s 

exports. This implies that as the global demand falls, the DVA growth relies less on the 

expansion of exports. We also find that the improvement of labor productivity, the rise in labor 

wages, and the substitution of labor income for capital income are associated with DVA growth. 

These findings may suggest that China has focused more on enhancing the productivity of 

workers and increasing labor income to boost the growth of DVA. The examination of the 

DVA of China’s exports provides evidence for policymakers in other developing countries to 

find better strategies to increase the DVA of exports. 

Governments in many countries usually encourage firms to participate in international trade 

because the performance of exporters is superior to non-exporters so that exporters can act as 

an engine of economic growth. Processing trade provides opportunities for firms in developing 

countries to participate in international trade under special policies, such as import duty 

exemption. However, firms adopting processing trade face some disadvantages such as low 

productivity and limited access to the domestic market. The result in Chapter 4 shows that 

ordinary exporters with higher productivity have larger average firm-level exports per product-

country. However, China’s trade policy to facilitate processing exports is a type of protection 

policy with a limited period of validity. Policy reforms are needed to better guide the 

transformation and upgrading of processing trade. Then, an analysis of the current state which 

we provide in this chapter serves as a useful reference.  

Chapter 5 reveals that imported inputs exert negative effects on the demand for domestic 

labor, in particular for medium-skilled labor. The rise of GVCs promotes countries to specialize 

in specific production activities according to comparative advantage. Even though countries 

benefit from participating in international trade, welfare improvement does not necessarily 

apply to all workers. Our empirical results reveal that the demand for high-skilled labor has 

increased in many countries, while the demand for low-skilled labor has declined. This finding 

suggests an upgrading of skill structure in production activities coexists with inequality in the 

labor market. In addition, our result shows that the increased foreign content embedded in 

production activities causes a worldwide decline in domestic labor demand. Thus, it is 

important to make policies that reduce the negative effect of GVC participation on the domestic 

labor market.  
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Appendix 

 

A. Summary Statistics  

 

Table A1 shows the summary statistics of percentage changes in the data for China, Japan, and 

the USA during the period 2000-2014. The data of capital income, labor income, and number 

of employments are directly derived from the socio-economic accounts in WIOD. And the 

value-added, output, and exports are derived from input-output tables in WIOD. The notation 

∆ denotes the difference between two years. Table A2 shows the description of composite 

industries. 
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B. Measurement of TFP based on Olley and Pakes (1996) 

 

Following the Olley and Pakes (1996) approach, the firm-level TFP is estimated. In this 

appendix, we explain the way of the estimation in brief. The explanation is based on Van 

Beveren (2012), which provides a comprehensive review of the TFP estimation by the firm-

level data. The method consists of two steps. The error term 𝑢𝑖𝑡  in equation (4.1) is 

decomposed into two components: the unobservable productivity 𝜔𝑖𝑡 and an error term 𝜂𝑖𝑡. 

Then, equation (4.1) can be rewritten as follows: 

 

 𝑦𝑖𝑡 = 𝛽0 + 𝛽𝑘𝑘𝑖𝑡 + 𝛽𝑙𝑙𝑖𝑡 + 𝛽𝑚𝑚𝑖𝑡 + 𝜔𝑖𝑡 + 𝜂𝑖𝑡. (B1) 

 

In equation (B1), the variable 𝜔𝑖𝑡  has impacts on firm’s decision rules, while the error term 

(𝜂𝑖𝑡) is uncorrelated with input choices. As 𝜔𝑖𝑡 cannot be observed directly by researchers, but 

it affects the use of inputs, the simultaneity problem occurs in the estimation of production 

function.  

Investment can be derived from the capital rule as  𝐼𝑖𝑡 = 𝐾𝑖𝑡+1 − (1 − 𝛿)𝐾𝑖𝑡 , where 𝐾𝑖𝑡 

denotes the capital stock and 𝐼𝑖𝑡 denotes the investment. Notice that the capital stock is a state 

variable and it is only affected by current and past level of 𝜔𝑖𝑡. Thus, the investment function 

can be expressed as 𝑖𝑖𝑡 = 𝑖𝑡(𝜔𝑖𝑡, 𝑘𝑖𝑡).  

Suppose that investment is strictly increasing in productivity for given capital stock. Then, 
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the investment function has an inverse function. Thus, we can treat the unobserved productivity 

as a function of observable investment and capital as follows: 

 

 𝜔𝑖𝑡 = ℎ𝑡(𝑖𝑖𝑡, 𝑘𝑖𝑡), (B2) 

 

where the inverse function is expressed as  ℎ𝑡(∙) = 𝑖𝑡
−1(∙). Putting equation (B2) into (B1) 

yields 

 

 𝑦𝑖𝑡 = 𝛽0 + 𝛽𝑘𝑘𝑖𝑡 + 𝛽𝑙𝑙𝑖𝑡 + 𝛽𝑚𝑚𝑖𝑡 + ℎ𝑡(𝑖𝑖𝑡, 𝑘𝑖𝑡) + 𝜂𝑖𝑡. (B3) 

 

Next, define the function  𝜙(𝑖𝑖𝑡, 𝑘𝑖𝑡) as follows: 

 

 𝜙(𝑖𝑖𝑡, 𝑘𝑖𝑡) = 𝛽0 + 𝛽𝑘𝑘𝑖𝑡 + ℎ𝑡(𝑖𝑖𝑡, 𝑘𝑖𝑡). (B4) 

 

Then, using function 𝜙(𝑖𝑖𝑡, 𝑘𝑖𝑡), we can rewrite the equation (B3) as follows: 

 

 𝑦𝑖𝑡 = 𝛽𝑙𝑙𝑖𝑡 + 𝛽𝑚𝑚𝑖𝑡 + 𝜙(𝑖𝑖𝑡, 𝑘𝑖𝑡) + 𝜂𝑖𝑡 . (B5) 

 

As a result, equation (B5) includes a non-parametric function 𝜙(𝑖𝑖𝑡, 𝑘𝑖𝑡) for control. Estimating 

equation (B5) using OLS, we get consistent estimates of the coefficients of 𝛽𝑙 and 𝛽𝑚. This is 

the first step.  

The next step aims to estimate a consistent coefficient for capital. Productivity 𝜔𝑖𝑡  is 

assumed to follow a first-order Markov process. In other words, the productivity in the next 

period is conditional on productivity in the current period. In addition, productivity needs to be 

conditional on survival in our context. Then, we introduce a survival indicator variable 𝜒𝑖𝑡+1 

which is used to show whether the firm stays in market at the period t+1. If the firm continues 

to operate in the next period, then 𝜒𝑖𝑡+1 = 1, otherwise, 𝜒𝑖𝑡+1 = 0. From the assumption that 

probability follows a first-order Markov process and is conditional on survival, we set the 

following condition, 

 

𝜔𝑖𝑡+1 = 𝐸[𝜔𝑖𝑡+1|𝜔𝑖𝑡, 𝜒𝑖𝑡+1 = 1] + 𝜉𝑖𝑡+1. 
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The first term 𝐸[𝜔𝑖𝑡+1|𝜔𝑖𝑡, 𝜒𝑖𝑡+1 = 1] is the expected value of productivity in the period t+1 

conditional on productivity and survival in the period t. And prediction error term 𝜉𝑖𝑡+1 is the 

new component and is assumed to be uncorrelated with productivity and capital at the period 

t+1. From the equation (B4), we easily confirm the following relation, 

 

 
𝐸[𝑦𝑖𝑡+1 − 𝛽𝑙𝑙𝑖𝑡+1 − 𝛽𝑚𝑚𝑖𝑡+1|𝜔𝑖𝑡, 𝜒𝑖𝑡+1 = 1]

= 𝛽0 + 𝛽𝑘𝑘𝑖𝑡+1 + 𝐸[𝜔𝑖𝑡+1|𝜔𝑖𝑡, 𝜒𝑖𝑡+1 = 1]. 
 

 

From the above, the following equation will be derived,  

 

 
𝑦𝑖𝑡+1 − 𝛽𝑙𝑙𝑖𝑡+1 − 𝛽𝑚𝑚𝑖𝑡+1 = 𝛽𝑘𝑘𝑖𝑡+1 + 𝐸(𝜔𝑖𝑡+1|𝜔𝑖𝑡, 𝜒𝑖𝑡+1) + 𝜉𝑖𝑡+1 + 𝜂𝑖𝑡+1. (B6) 

 

Notice that we already have estimates of 𝜙𝑡. Thus, the following condition holds from the 

equation (B4). 

 

 𝜔𝑖𝑡 = 𝜙𝑡 − 𝛽𝑘𝑘𝑖𝑡.  

 

In addition, notice that the variable  𝜒𝑖𝑡+1 is a survival indicator. Taking these two points into 

consideration, we can get the following equation through some technical discussion, 

 

𝑔(𝑃𝑖𝑡, 𝜙𝑡 − 𝛽𝑘𝑘𝑖𝑡) = 𝐸[𝜔𝑖𝑡+1|𝜔𝑖𝑡, 𝜒𝑖𝑡+1], 

 

where the notation 𝑃𝑖𝑡   expresses the survival probability of the firm in the next period, that 

is,  𝑃𝑖𝑡 = 𝑃𝑟{𝜒𝑖𝑡+1 = 1} . Olley and Pakes (1996) shows that the survival probability is a 

function of investment and capital. In addition, the survival probabilities can be estimated by 

running a probit model where the independent variables take the form of a high-order 

polynomial in investment and capital. Thus, we can get the following equation: 

 

 

𝑦𝑖𝑡+1 − 𝛽𝑙𝑙𝑖𝑡+1 − 𝛽𝑚𝑚𝑖𝑡+1 = 𝛽𝑘𝑘𝑖𝑡+1 + 𝑔(𝑃𝑖𝑡, 𝜙𝑡 − 𝛽𝑘𝑘𝑖𝑡) + 𝑢𝑖𝑡+1 + 𝜂𝑖𝑡+1.  
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As in the first step of the estimation procedure, the function 𝑔(𝑃𝑖𝑡, 𝜙𝑡 − 𝛽𝑘𝑘𝑖𝑡) is approximated 

using a higher-order polynomial expansion in 𝑃𝑖𝑡 𝑎𝑛𝑑  𝜙𝑡 − 𝛽𝑘𝑘𝑖𝑡. Finally, the result is derived 

from the following equation:  

 

 𝑦𝑖𝑡+1 − 𝛽𝑙𝑙𝑖𝑡+1 − 𝛽𝑚𝑚𝑖𝑡+1 = 𝛽𝑘𝑘𝑖𝑡+1 + 𝑔(�̂�𝑖𝑡, �̂�𝑡 − 𝛽𝑘𝑘𝑖𝑡) + 𝑢𝑖𝑡+1 + 𝜂𝑖𝑡+1. (B7) 

 

The coefficient on capital can then be obtained by applying non-linear least squares on 

equation (B7). Then, the logarithm of TFP is calculated as follows: 

 

ln(TFP𝑖𝑡) = 𝑦𝑖𝑡 − 𝛽�̂�𝑙𝑖𝑡 − 𝛽�̂�𝑚𝑖𝑡 − 𝛽�̂�𝑘𝑖𝑡. 

 

 Following Yu (2015), we include additional variable in investment function to capture the 

features of Chinese economy. The FM𝑖𝑡 denotes a dummy variable to measure whether firm i 

imports in year t as firm’s import decision may affect the firm-level investment. In addition, 

the 𝑊𝑇𝑂𝑖𝑡  dummy is included (i.e., one for a year after 2001 and zero for before) in the 

investment function. Finally, SOE𝑖𝑡 dummy is equal to one if the firm is state-owned firm and 

zero otherwise. Then, equation (B2) can be rewritten as 𝜔𝑖𝑡 = ℎ𝑡(𝑖𝑖𝑡, 𝑘𝑖𝑡 , 𝐹𝑀𝑖𝑡,𝑊𝑇𝑂𝑖𝑡, 𝑆𝑂𝐸𝑖𝑡). 

The estimation of production function based on Olley and Pakes (1996) uses the Stata package 

“prodest.”  
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C. Description of Abbreviation 
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Table C3 Description of sectors 

Sector Description 

S01 Agriculture, hunting, forestry and fishing 

S02 Mining and quarrying 

S03 Food, beverages and tobacco 

S04 Textiles and textile products 

S05 Leather, and footwear 

S06 Wood and of wood and cork 

S07 Pulp, paper, printing and publishing 

S08 Coke, refined petroleum and nuclear fuel 

S09 Chemicals and chemical 

S10 Rubber and plastics 

S11 Other non-metallic mineral 

S12 Basic metals and fabricated metal 

S13 Machinery, nec 

S14 Electrical and optical equipment 

S15 Transport equipment 

S16 Manufacturing nec; recycling 

S17 Electricity, gas and water supply 

S18 Construction 

S19 Sale, maintenance and repair of motor vehicles and motorcycles; retail sale of fuel 

S20 Wholesale trade and commission trade, except of motor vehicles and motorcycles 

S21 Retail trade, except of motor vehicles and motorcycles; repair of household goods 

S22 Hotels and restaurants 

S23 Other Inland transport 

S24 Other Water transport 

S25 Other Air transport 

S26 Other Supporting and auxiliary transport activities; activities of travel agencies 

S27 Post and telecommunications 

S28 Financial intermediation 

S29 Real estate activities 

S30 Renting of m&eq and other business activities 

S31 Public admin and defence; compulsory social security 

S32 Education 

S33 Health and social work 

S34 Other community, social and personal services 

S35 Private households with employed persons 
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Table C4 Crosswalk of industry description between WIOD and ICIO 

 
 

WIOD 29 sectors ICIO
Aggregate 

industry

Agriculture, hunting, forestry and fishing Agriculture, hunting, forestry and fishing Agriculture, hunting, forestry and fishing

Mining and quarrying Mining and quarrying Mining and quarrying

Food products, beverages and tobacco Food products, beverages and tobacco Food products, beverages and tobacco

Textiles and textile
Textiles and textile, Leather, leather and 

footwear

Textiles, textile products, leather and 

footwear

Leather, leather and footwear

Wood and products of wood and cork Wood and products of wood and cork Wood and products of wood and cork

Pulp, paper, paper products, printing and 

publishing

Pulp, paper, paper products, printing and 

publishing

Pulp, paper, paper products, printing and 

publishing

Coke, refined petroleum and nuclear fuel Coke, refined petroleum and nuclear fuel
Coke, refined petroleum products and 

nuclear fuel

Chemicals and chemical Chemicals and chemical Chemicals and chemical products

Rubber and plastics Rubber and plastics Rubber and plastics products

Other non-metallic mineral Other non-metallic mineral Other non-metallic mineral products

Basic metals

Basic metals and fabricated metal products

Basic metals and fabricated metal 

products
Fabricated metal products

Machinery,nec Machinery,nec Machinery and equipment, nec 

Electronic and optical equipment Electronic and optical equipment
Computer, Electronic and optical 

equipment

Electrical machinery and apparatus, nec

Transport equipment Transport equipment Motor vehicles, trailers and semi-trailers

Other transport equipment

Manufacturing nec; recycling Manufacturing nec; recycling Manufacturing nec; recycling 

Electricity, gas and water supply Electricity, gas and water supply Electricity, gas and water supply

Construction Construction Construction

Sale, maintenance and repair of motor 

vehicles and motorcycles; retail sale of fuel
Wholesale and retail trade; repairs Wholesale and retail trade; repairs

Wholesale trade and commission trade, 

except of motor vehicles and motorcycles

Retail trade, except of motor vehicles and 

motorcycles; repair of household goods

Hotels and restaurants Hotels and restaurants Hotels and restaurants

Other Inland transport Transports activities Transport and storage

Other Water transport

Other Air transport

Other Supporting and auxiliary transport 

activities; activities of travel agencies

Post and telecommunications Post and telecommunications Post and telecommunications

Financial intermediation Financial intermediation Financial intermediation

Real estate activities Real estate activities Real estate activities

Renting of machinery and equipment and 

other business activities

Renting of machinery and equipment and 

other business activities
Renting of machinery and equipment

Computer and related activities

R&D and other business activities

Public admin. and defence; compulsory 

social security

Public admin. and defence; compulsory 

social security

Public admin. and defence; compulsory 

social security

Education Education Education

Health and social work Health and social work Health and social work

Other community, social and personal 

services

Other community, social and personal 

services

Other community, social and personal 

services

Private households with employed persons
Private households with employed 

persons

Private households with employed 

persons

Primary

Manufacturing

Service
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