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1 Setting the Stage

1.1 Background

Long-term economic development depends critically on productivity growth.

A key mechanism behind this growth is the movement of workers from less

productive to more productive activities. Historically, the manufacturing sector

has played a central role in this process of structural transformation.

Manufacturing offered abundant opportunities for capital deepening, econ-

omies of scale, and technological advancement. Many studies show that coun-

tries that successfully narrowed the income gap with richer nations did so

through sustained industrialization. Typically, these successful economies

began by exporting labor-intensive goods from light industries, such as textiles,

and over time shifted toward exporting capital- and skill-intensive goods from

heavy industries, such as machinery. In contrast, countries that failed to indus-

trialize (or whose industrialization stalled) have struggled to achieve lasting

income growth.1 These patterns have fueled persistent policy debates about the

weak pace of industrialization in many low- and middle-income countries, and

have led to a renewed focus on industrial policy, trade integration, and the

expansion of manufacturing as potential engines of economic growth.

However, it is increasingly recognized that industrialization and manufac-

turing exports are no longer the exclusive pathways to development. Gollin

and Kaboski (2023) argue that not all recent episodes of economic growth

have been driven by industrialization, and that manufacturing booms do not

automatically lead to sustained progress. Similarly, Newfarmer, Page, and

Tarp (2018) highlight the potential of “industries without smokestacks” –

sectors like agro-processing, horticulture, tourism, and business services –

that can create productive jobs, particularly in sub-Saharan Africa.

Meanwhile, advances in digital technology have made many services more

tradable across borders, creating new opportunities for export-led growth

(Baldwin and Forslid, 2019). Gollin (2018) further argues that modern service

sectors increasingly exhibit characteristics once thought to be unique to

manufacturing, including knowledge spillovers, economies of scale, and

agglomeration effects. Baccini et al. (2023) add that services play a growing

and substantial role in employment, skills development, and broader eco-

nomic progress in Africa. As Gollin (2018) concludes, “Although manufac-

turing exports have been an important source of growth for the ‘miracle’

1 These studies in the vein of Kuznets (1957) and Chenery et al. (1986) include Felipe et al. 2014;
McMillan, Rodrik, and Verduzco-Gallo, 2014; de Vries, Timmer, and de Vries, 2015; Szirmai and
Verspagen, 2015; Rodrik, 2016; and Haraguchi, Cheng, and Smeets, 2017.
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economies of the late 20th and early 21st centuries, there is little reason to

believe that this is an exclusive pathway to growth and poverty reduction.”2

At the same time, the traditional link between export success and structural

transformation has weakened. Global trade opportunities have radically

changed. Improved information and communication technologies allow lower-

income countries to participate in global markets by specializing in discrete

stages or “tasks” of production. Industrialization through exporting now

appears easier than before, often requiring fewer domestic capabilities from

firms and relying more on macroeconomic stability and access to international

markets (Baldwin, 2016; World Development Report, 2020).

Yet while entering export markets may have become easier, the developmen-

tal payoff of exports has diminished. Increasingly, exports rely heavily on

imported intermediates, reducing the share of domestic value added. Lall

(2000) noted this trend early on, pointing out that while “high-technology”

products like semiconductors appear identical in trade statistics, the underlying

domestic activities differ dramatically: sophisticated processes in the United

States contrast with basic assembly work in Malaysia. Traditional trade data

does not capture these differences because they record only the final product,

not the complexity or value added at each stage of production. Since products do

not map cleanly onto specific tasks, understanding the trade-structure-growth

relationship now calls for a focus on tasks.

Investigating this task-based view of structural transformation and trade is

the central goal of this Element.

1.2 Scope and Aims of This Element

The central premise of this Element is that structural change is best understood

through the lens of tasks. This idea echoes the classical model of Lewis (1954),

which describes structural transformation as the movement of labor from

traditional to more productive modern activities. Importantly, Lewis empha-

sized that modern, productive activities could be found outside of manufactur-

ing, and also noted that significant pockets of low-productivity, often informal,

work persisted even within the manufacturing sector itself (Lewis, 1979; Diao

and McMillan, 2018). These insights suggest the need for a deeper understand-

ing of the types of activities countries perform, and how specialization in

different tasks evolves as economies develop.

2 Gollin (2018, p. 3). Development in India provides a compelling alternative example. Using
a quantifiable multisector model, Fan et al. (2023) provide evidence that consumer services, rather
than manufacturing, have been the key driver of recent growth in India.

2 Development Economics
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We demonstrate the usefulness of a task-based perspective by presenting new

empirical evidence on trade and development. To do this, we introduce new data

and analysis that reveal the heterogeneity of tasks within exports across indus-

tries and countries. We show how trade in tasks can be measured using recently

developed data from internationally harmonized statistics, which we have built

over the past decade. Throughout this Element, we employ a consistent meth-

odology and dataset to ensure the comparability and coherence of the empirical

findings across sections. Where appropriate, we draw on our own previously

published research, updating results and discussions to reflect new evidence and

developments.

A task-oriented approach to trade and structural change is essential for improv-

ing our understanding of economic development and the role of policy. The

distinction between an industry or product perspective and a task perspective

becomes particularly salient in discussions about industrial policy. Industrial

policy seeks to avoid the risk of economies becoming trapped in suboptimal

equilibria, often due to externalities and production spillovers. This concern is

central to the product space framework (Hausmann et al., 2014), which has

gained popularity in evaluating a country‘s growth potential and in shaping

trade and industrial policies for lower-income countries (Hidalgo et al., 2007;

Hausmann and Klinger, 2007; Hausmann et al., 2014; Coniglio et al., 2021).

According to the product space paradigm, policymakers should pursue

a gradualist strategy by promoting the introduction of new products that are

“close” to the country’s existing capabilities, thus minimizing the risk of failure.

Introducing radically new products would require capabilities that are scarce and

difficult to build. However, industrial policies can also play a role in overcoming

information spillovers associated with discovering new profitable activities, as

Hausmann and Rodrik (2003) argue. Because the cost structures of new products

are unknown, countries’ latent comparative advantages remain hidden and must

be uncovered through costly experimentation – experimentation whose social

benefits exceed private returns. In such contexts, policies that promote discovery

and diversification can boost productivity and growth (Harrison and Rodríguez-

Clare, 2010).

Historically, mainstream economists viewed industrial policy with skepti-

cism, largely because it was associated with inward-looking, protectionist trade

strategies. However, recent research calls for a more nuanced and context-

specific understanding of industrial policy’s practice and effects (Juhász,

Lane, and Rodrik, 2023). Similarly, Sen (2023) argues for a rethinking of

traditional views on structural transformation and calls for greater creativity

in developing countries’ policy choices today.

3Trade in Tasks
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In this Element, we argue that adopting a task perspective enhances our

understanding of how trade, structural change, and economic growth are linked,

and clarifies the role of policy in these processes.

Our main aim is to demonstrate the versatility of the task perspective in

offering new insights into long-standing debates. Structural transformation and

growth are broad subjects, touching multiple fields, including growth and

development economics, international trade, labor economics, economic geog-

raphy, and international business. Our task-based approach connects these fields

and highlights their interrelationships. Nevertheless, given the rapid pace at

which research in these areas is evolving, we cannot cover all relevant debates

comprehensively. Throughout this Element, we aim to offer a focused and

coherent discussion, while directing readers to related literatures for further

exploration.

1.3 Structure of the Element

The remainder of this Element is organized into six sections.

Section 2 introduces our task perspective on trade and development. We

define the concept of a task, provide an illustrative example, and explain how

a task-based view relates to traditional product-based perspectives on trade and

structural change. Task exports are estimated by measuring the value-added

contribution of workers, cross-classified by occupational class and industry of

employment. A detailed mathematical exposition of the measurement method-

ology, along with a description of the new task dataset we developed, is

provided in the Appendix.

Sections 3 and 4 present the basic descriptive evidence.

• Section 3 characterizes long-term shifts in the international division of tasks

within the global production network for manufactured goods. It offers

a stylized overview of how countries’ contributions have evolved over recent

decades, distinguishing between low-skilled production tasks and high-

skilled knowledge tasks. Put simply, it addresses the question of “who has

been doing what” in the so-called “global factory.”

• Section 4 zooms in on how the structure of exported tasks changes with

economic development. Using detailed data that identifies 455 distinct tasks

for each economy-year, cross-classified by occupation and industry, we

describe how task specialization evolves both across industries (e.g., from

textiles to electronics) and within industries (e.g., from craft workers to

engineers). This approach provides a richer and more nuanced picture than

traditional analyses focused solely on sectoral shifts.

4 Development Economics
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The next two sections provide more formal empirical analysis.

• Section 5 examines the path dependence of task specialization. We introduce

a task specialization index that measures a country’s comparative advantage

in specific tasks, and analyze how task specialization patterns evolve over

time within countries. Using a probit model, we test for the degree of path

dependence in countries’ specialization trajectories.

• Section 6 explores the relationship between economic growth and the intro-

duction of radically new tasks. We measure the appearance of new task

specializations in countries’ export structures and incorporate this concept

into growth regressions to assess whether diversifying into new types of tasks

is associated with better economic performance.

Finally, Section 7 summarizes the main findings of this Element and discusses

future research directions. We reflect on how the task perspective sheds new

light on long-standing debates in development economics and trade policy.

2 A Task Perspective on International Trade,
Structural Change, and Economic Development

A country’s specialization evolves over time, resulting in new products being

added to the country’s export basket. Lack of export development is a long-

standing concern as it appears to be linked with slower structural change and

productivity growth. We argue that analyzing what a country does in trade (i.e.,

the tasks it performs) provides additional insights vis-à-vis analyzing the

products that a country trades. This section presents key concepts of our task

perspective and will be useful for proper interpretation of our findings in the

remainder of the Element.

2.1 Development of Data on Trade in Value Added

The study of international trade specialization traditionally relies on analyzing

countries’ gross export flows. A country’s specialization in a product is deter-

mined by comparing its share in the country’s overall exports to its share in

global exports, known as the Revealed Comparative Advantage (RCA) index.

RCA values above 1 reveal that the country is better at producing a product

compared to other countries (Balassa, 1965). RCA indices are used to test

various trade theories, in particular those relying on differences in factor

endowments in the tradition of Heckscher-Ohlin.3 To that end, products are

often categorized based on their industries’ factor input intensities, for example,

3 French (2017) shows that in a world with frictionless trade, the standard Balassa index (based on
gross exports) is a theoretically consistent indicator of comparative advantage.

5Trade in Tasks
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whether the production process of the product makes intensive use of natural

resources, (un)skilled labor, or capital. Endowment differences used to help

explain product specialization patterns between regions, particularly between

rich and poor countries as the latter specialize in less skill and capital-intense

products (Leamer, 1984; Hanson, 2012). Schott (2004) further refined this

understanding by analyzing US import data, revealing specialization at an

even more granular level. His work suggests that developed countries tend to

specialize in higher-quality goods within narrow product categories, while

developing countries focus on lower-quality alternatives.

Clearly, the rise of global production networks and the integration of emer-

ging economies like China and India into the world economy pose a challenge

to traditional trade analysis based on products. Lall (2000) pioneered the

recognition that the international division of labor complicates the interpret-

ation of trade statistics based solely on product descriptions. He laments that

product export data “ . . . does not indicate the process involved in making the

same product in different locations. Thus, a high technology product like

semiconductors can involve genuinely high-tech processes in the United

States and relatively simple assembly in Malaysia. In our data, both would

appear equally technologically advanced. . . . we cannot deal with this in any

consistent manner” (Lall, 2000, p. 340).

Subsequent research has shown that this problem became more profound in

the 2000s with further international slicing of production. Yet trade researchers

also responded to Lall’s challenge on the ability of trade statistics to capture the

new situation. His pessimism appeared to be overstated. Hummels et al. (2001)

introduced the concept of “vertical specialization in trade,” which measures the

extent of international production fragmentation by calculating the share of

domestic value added (DVA) in gross exports. Domestic value can be added in

production by the exporting industry as well as other so-called upstream

domestic industries that provide inputs. The DVA concept builds on

Leontief’s (1953) work using information on input-output linkages between

local industries. Essentially, DVA captures how much of a country’s export

value is actually produced domestically versus howmuch value is imported and

subsequently re-exported.

Johnson (2014) highlighted the growing gap between a country’s gross

exports and value-added contributions across different sectors. He emphasized

the importance of considering upstream production stages, as these stages often

involve substantial value addition that is not captured when looking solely at the

industry that is exporting. Koopman, Wang, and Wei (2012) provide a concrete

example of this phenomenon by examining Chinese exports of complex goods,

such as electronic devices. They find that these exports had a relatively low

6 Development Economics
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domestic value-added content because China relied heavily on imported com-

ponents for their production in the early 2000s. This reliance on imported inputs

meant that a substantial part of the value of these exports was actually created

outside of China at the time. Koopman, Wang and Wei (2014) showed how

domestic value added measures impacted traditional measures of revealed

comparative advantage.

Johnson and Noguera (2012, 2017) expanded on this idea by documenting the

rise of vertical specialization across thirty-six out of thirty-seven countries they

studied. Countries were increasingly participating in global value chains, where

production processes are spread across multiple countries. They found that the

global ratio of value added to gross exports declined by 10 percentage points from

1970 to 2008, with a notable acceleration in this trend after 1990. This phenom-

enon was dubbed the emergence of trade in value added. Further research in trade

in value added has created a broader set of global value chain (GVC) measures,

facilitated by multicountry input-output data initiatives that are grounded in

national accounts,4 like the World Input-Output Database (ggdc.net), the OECD-

WTO Trade in Value Added (TiVA) project (oe.cd/tiva), and the ADB MRIOTs

(kidb.adb.org/mrio), as reviewed in Johnson (2018).

2.2 The Need for Data on Trade in Tasks

The new research findings on trade in value added implied that countries may

specialize in different stages of production, with different factor intensities, even

when they appear to be exporting similar products. A small value-added contri-

bution in exports could signify either low-tech assembly or high-tech manufac-

turing of complex components. For instance, a developing country might engage

in the assembly of electronic products, importing components like circuit boards,

casings, and wiring, and focusing on assembling these parts into final products. In

contrast, a high-income country might be involved in the production of semicon-

ductors, which requires advanced skills and precision engineering, importing all

other components. Although the share of domestic value added in exports might

be small in both cases, the nature of the tasks performed is vastly different.

Moreover, a country can specialize in tasks without altering its domestic value-

added ratio. For example, consider the United States, which initially produced

entire cars domestically. If the United States shifts its focus to exporting only car

parts to Mexico, where these parts are assembled into complete vehicles and then

re-exported, the domestic value-added share in US exports remains at 100%. This

is because the value added by the United States in producing the car parts is fully

captured in the export value, even though the final assembly occurs elsewhere.

4 See Dietzenbacher and Tukker (2013).
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This scenario illustrates how a country can specialize in upstream production

stages – such as manufacturing components –without changing the proportion of

domestic value added in its exports. These examples show that trade in value

added potentially severs the link between domestic factor endowments and the

type of products exported, the hallmark of old-style empirical trade research

(Baldwin and Robert-Nicoud, 2014).

To gain a better understanding of a country’s position in global production

networks and its development potential, information on the types of tasks

carried out in exporting is needed. Therefore we developed new measures and

data that gave empirical content to the task perspective on trade. To this end we

had to bring in new information on the type of activities performed in the

economy. Traditional distinctions along the industry dimension (e.g., agricul-

ture, textile manufacturing, electronics manufacturing) no longer served the

purpose as tasks tend to vary both across and within industries.5 A prominent

example is the trend known as the “servicification of manufacturing.”

Administrative data typically classifies establishments by their primary activity,

which contributes most to value added. However, establishments often perform

multiple activities, both material and service-like. For instance, some manufac-

turing firms in rich countries were shifting toward service exports, such as

machinery installation and maintenance, as noted by Kelle (2013). These

firms not only produce goods but also offer complementary services that

enhance the value of their products and meet the evolving needs of their

customers. This shift allows manufacturing firms to diversify their revenue

streams and leverage their expertise in new ways. This trend highlights the

increasing integration of services into traditional manufacturing processes and

the blurring of industry classifications.

Additionally, the rise of so-called factory-less goods producers represents

another important development. These firms, as described by Bernard and Fort

(2015), design products and manage production networks without engaging in the

actual fabrication process. Instead, they outsource the manufacturing to third-party

producers, often located in different countries. This allows factory-less goods

producers to focus on tasks with high returns to factor inputs such as research

and development, design, and supply chain management, while leveraging the

manufacturing capabilities of specialized partners.

These examples illustrate the dynamic nature of modern industrial activities,

where the boundaries between manufacturing and services are increasingly

blurred. The servicification of manufacturing and the emergence of factory-less

5 Variation in tasks within and across industries is also emphasized in the literature on urban
development; see e.g. Duranton and Puga (2005) and Barbour and Markusen (2007).
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goods producers underscore the importance of understanding the diverse range of

tasks that establishments perform, beyond their primary industry classification.

A task perspective on trade needs information on the type of activities that takes

place in the domestic economy in the production for exports. In this Element we

show how various administrative statistical sources can be combined in order to

measure trade in tasks, building upon the methodological approach of trade in

value added.

2.3 Definition and Measurement of Trade in Tasks

How to measure the task content of trade? A useful starting point is to examine

the occupations of the workers involved in exporting. Why? Because an indi-

vidual’s occupation provides insight into the specific activities they perform,

such as assembly, engineering, or sales, and, by extension, the nature of the

country’s contribution to global value chains. As argued earlier, activities will

vary across and also within industries. Therefore, in this Element we use data on

workers that is cross-classified by occupational class as well as industry of work

and call this industry-occupation pair a “task.” This in line with the terminology

in the international trade literature (see, e.g., Grossman and Rossi-Hansberg,

2008; Baldwin and Robert-Nicoud, 2014). Information on tasks provide

a natural way to bridge a country’s endowments in terms of skills and capital

with the factor content of its export basket.

This subsection outlines the measurement of trade in tasks and provides an

illustrative example. Box 1 provides a summary of the key terms used.

To give empirical content to the trade in task concept, we built upon the earlier

work on trade in value added. Hummels et al. (2001) introduced a novel metric for

measuring “vertical specialization in trade.”6 This metric is defined as the share of

domestic value added in gross exports. A share of one indicates that all tasks

required to produce exports are conducted within the exporting country. To

accurately track this share, it is necessary to supplement product export statistics

with information on value added. This value added encompasses contributions

from both the exporting industry and other domestic industries involved in

upstream stages of production. To achieve this, Hummels et al. (2001) utilize

a methodology originally developed by Leontief (1953).7 Building on this

6 More precisely, Hummels et al. (2001) defined a measure called the “import content of exports.”
Koopman et al. (2012) introduced the “domestic value added in exports” and demonstrated that it
equals gross exports minus the “import content of exports.” We use the “domestic value added”
terminology, as it provides a clear contrast with other trade measures within a unified framework,
as shown by Los and Timmer (2018).

7 Less well known, Chenery et al. (1986) conducted similar analyses that anticipated this work,
building on Hirschman’s (1958) research on linkages. For an introduction to input-output
analysis; see Miller and Blair (2009).
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framework, we follow Timmer et al. (2019) and Kruse et al. (2024) by further

distinguishing the value added by different types of workers, cross-classified by

occupation and industry, enabling the analysis of trade in tasks. Basically, we break

down domestic value added into domestic value added of various tasks; see

Figure 1.

The measurement involves two major steps. In the first step, we track domestic

value added in exports, encompassing contributions not only from the exporting

industry but also from other domestic sectors indirectly involved through inter-

mediate inputs. To accurately account for these indirect contributions, input-output

tables are essential as these track intermediate input flows across industries. In

the second step, we further develop this approach by identifying the types of

workers, characterized by occupation and industry of work, involved in the

BOX 1. DEFINITIONS OF KEY TERMS

Product. A unique final good or service that is produced through a series

of tasks. Tasks may be carried out in different countries due to inter-

national production fragmentation.

Industry. A person’s regular industry of work, classified using the

International Standard Industrial Classification (ISIC).

Occupation. A person’s regular profession, classified using the

International Standard Classification of Occupations (ISCO).

Task. The expression “task” is used to indicate the activity of a worker as

identified by the industry of a person’s regular work (ISIC) cross-

classified by the person’s profession (ISCO).

Trade specialization in tasks. A country is said to specialize in

a particular task when the task income share in its overall income from

exporting is higher than the corresponding share for other countries

(Timmer et al. 2019). This is a variant of the Revealed Comparative

Advantage (RCA) index of Balassa (1965).

Gross output value Exports

Value added country Domestic Foreign

Value added factors Labor Capital

Value added tasks Task 1 Task 2 Task 3

Figure 1 Decomposition of gross output value of exports into value added

contributions
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production process. Thus we break down domestic value added in exports into

value added in various tasks, using information on the income of workers involved.

Appendix A provides the mathematical formulation of input-output analysis used

to measure trade in tasks.

In total 455 tasks are identified for each country in each year, cross classifying

workers not only by their occupational class but also by their industry of work

(455 = 13 occupational classes x 35 industries; see Appendix B for a description

of the data). Bringing in this granularity is important as the addition of an

industry dimension enhances the ability of occupational statistics to capture

different types of activities. Compare for example the activities performed by

machine operators in textiles and in electronics. Detailed O*NET data indicates

that “making decisions and solving problems” is a very important activity for

machine operators in electronics, while it is much less important for machine

operators in textiles manufacturing.8

Table 1 provides an illustrative example from Kruse et al. (2024) to aid

intuition on the type of data that is used in this Element. The table shows the

contribution of various domestic tasks in exports of textile for four countries at

different levels of development. Note that tasks can be carried out by different

occupational classes of workers in the textile industry, such as machine oper-

ators, managers or other professionals. In addition, tasks can also be carried out

by workers in other industries producingmaterial or service inputs for the textile

industry, such as workers in agriculture or in wholesale and retail trade. The use

of input-output linkage information ensures that these indirect contributions are

taken into account as well. Referring to Figure 1, tasks can also be imported,

which represents foreign value added in exports. Hence, the task contributions

in Table 1 are expressed as shares of total domestic value added in a country’s

exports.

Task specialization differs widely across the four selected countries. Tasks by

machine operators in the textile industry make up more than two-thirds of

domestic value-added exports in Türkiye. In Vietnam machine operators in

textiles also contribute the most, but there is also a sizeable contribution from

sales workers and other professionals in the wholesale trade industry. Textile

workers accounts for less than one third in Italy. The value of Italian textile

exports is mostly generated outside the textile industry by workers in services

8 See Kruse et al. (2024) for further examples and a formal test, which suggests that the skills and
capabilities required in a job varies not only by occupational class but also by industry.
Interestingly, if highly detailed occupation data is used, the industry dimension often emerges
as well. For example, ISCO 88 code 221 refers to Life Science professionals. This minor group is
further disaggregated in unit groups, namely, biologists (ISCO 88 code 2211), pharmacologists
(2212), and agronomists (2213), indicating that for such detailed occupations, the industry of
a person’s work starts to surface. The availability of these detailed ISCO data is, however, scarce.
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Table 1 Top-3 domestic contribution of tasks in the exports of textiles, selected countries, 2018

Pakistan Share Türkiye Share Vietnam Share Italy Share

1. Agricultural
workers

45.0% 1. Machine operators
in textile

67.8% 1. Machine operators in
textile

56.4% 1. Machine operators
in textile

29.9%

2. Machine operators
in textile

20.3% 2. Managers in textile 10.0% 2. Sales workers in
wholesale

7.2% 2. Other professionals
in textile

7.2%

3. Sales workers in
retail

8.0% 3. Agricultural
workers

5.9% 3. Other professionals in
wholesale

2.9% 3. Managers in textile 6.7%

All other activities 26.6% All other activities 16.3% All other activities 33.5% All other activities 56.2%
Sum 100% Sum 100% Sum 100% Sum 100%

Notes: Entries show for each country the contribution of the top-3 tasks in the exports of textiles in 2018 (in percentages of total export value). Tasks are
classified by industry of work and occupational class of workers. The penultimate line reports the contribution of the other tasks outside the top-3.
Contributions to the textiles exports are based on the labor income of domestic workers involved in each task. Numbers may not sum due to rounding.
Reproduced from Kruse et al. (2024), licensed under CC BY 3.0 IGO.
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sectors such as distribution and marketing. Yet, different again, in Pakistan

agricultural workers account for the largest share in textile exports as local

cotton is a major input. Clearly, the task content of textile exports vary widely

across countries and there is no unique mapping of exported products into

exported tasks.9

This is suggesting potential for new insights on trade, structural change and

development when using a task perspective. The task trade statistics inform

directly on the use of a country’s factor inputs and their returns. And more

generally, they point at the potential for knowledge spillovers and the likelihood

of productivity growth in trade activities. As such, our research is part of an

emerging literature that examines macro issues of structural change and growth

while taking account of heterogeneity of individuals, households, firms and

locations within economies (Gollin and Kaboski, 2023). The next sections

provide descriptive evidence and formal analysis of trade in tasks. The final

section in this Element will discuss how a task perspective on trade and

structural change may initiate several interesting lines of research, and inform

current development debates.

2.4 Further Clarifications

A proper understanding of task trade measures is instrumental for prudent use

and interpretation in research. This subsection provides a number of general

remarks concerning the definition and measurement of trade in tasks. Other

more technical remarks have been relegated to Appendix C.

First, our use of the term tasks is closely related to terms like “business

functions,” a term used often, for example, in international business and eco-

nomic geography literature to denote activities in global value chains, such as

R&D, sales, or logistics activities; see for example Duranton and Puga (2005),

Defever (2012), Timmer et al. (2019), and Cirera et al. (2023). Multinational

firms typically organize their activities around these functions due to internal

economies of scale (Porter, 1985); hence, it constitutes a relevant level of both

firm- and country- analysis as we argue in Section 3. Leading economic models

of production, such as Acemoglu and Autor (2011), tend to favor the term task

to describe units of work within firms and we follow this practice.

Second, the trade in task approach offers opportunities to further characterize

and assess the demand for particular workers given ongoing developments in

automation and digitalization (Acemoglu and Restrepo, 2019). A common and

useful approach is to classify the duties of workers according to the level of

9 See Gereffi (1999) and more recently Boudreau et al. (2023) for an in-depth analysis of
international specialization patterns in the textile sector.

13Trade in Tasks

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


routineness. Routine tasks are typically repetitive, predictable, and codifiable,

making them particularly vulnerable to automation and offshoring. In contrast,

nonroutine tasks involve problem-solving, creativity, and adaptability, often requir-

ing interpersonal interaction and autonomous decision-making. Accordingly, this

strand of research emphasizes the degree of routineness in work of laborers in

a particular occupational class (Autor et al. 2003). Labor demand models typically

simplify this relationship by assuming a one-to-one mapping between occupations

and tasks, whereby each task corresponds to a single occupation, and each occupa-

tion performs only that task (see, e.g., Goos et al. 2014). Under this assumption,

occupations are treated as either entirely routine or entirely nonroutine. The task-

based definition used in this Element, constructed at the occupation cross industry

level, provides the opportunity to follow this logic in further research. In Section 5

we explore this idea.10

Third, task trade measures are constructed on the basis of existing official

administrative sources which were not specifically designed for that goal.11

Value added includes compensation for workers and a gross operating surplus

that accrues as income to the owners of capital assets, both tangible and

intangible assets (see Timmer et al., 2014; and section 3). Yet, capital assets

cannot be straightforwardly allocated to functions, in contrast to workers. For

example, a computer can be utilized in many tasks, and we have no information

on its particular use. Therefore the task trade measures in this Element are based

only on income data for labor. Another caveat is in the territorial interpretation

of the task-trade measures. We track the value added by factor inputs in

a specific geographical area, which does not necessarily coincide with the

income earned by workers and entrepreneurs in that particular area. The rise

of global production networks has led to large cross-border investment flows

and tracking the ultimate recipients of this income is notoriously difficult

(Lipsey, 2010; Guvenen et al., 2017).12 The trade in tasks measures is much

less susceptible to this issue than the trade in value added measures as the

former are based solely on labor income. Labor income is more likely to accrue

to domestic workers than capital income is to local capital owners.

Fourth, task trade measures do not substitute for, but complement the trad-

itional product trade statistics that are much more detailed. For example the

official Harmonized System Nomenclature for imports and exports comprises

10 Caunedo et al. (2023) document that the content of occupations evolves with economic devel-
opment. However, the relative routineness of occupations remains consistent across countries –
for example, management consistently involves more nonroutine tasks than assembly work. This
stability allows for occupations to be broadly categorized as routine or nonroutine (Reijnders and
de Vries, 2018), a distinction to which we return in Section 5.

11 But see Nielsen (2018) for a direct survey of business functions.
12 But see Bohn et al. (2021) for an attempt.
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about 5,000 commodity groups which are identified by a six-digit code. Task

and product trade statistics can be used in conjunction to deepen our under-

standing. Thus, part of the differences in the task composition of textile exports

as shown in Table 1 might be related to the detailed makeup of the textile

product export basket, for example in the shares of low-end versus high-end

market products. This granularity is currently not well represented in the task

measures. More generally, industry categories in input-output tables are often

too broad to capture the specific product-level dynamics critical to global value

chains (Antràs and Chor, 2022). Greater product granularity is essential for

policy analysis, for example, to assess chain vulnerability where input markets

are highly concentrated and substitution is limited (Ossa, 2015). For instance,

while automakers may source paint from various suppliers, these suppliers

might all depend on a single pigment producer, creating a supply chain vulner-

ability (Wheatley and Ramsay, 2011). Addressing these issues requires

a combination of more data sources, an issue we return to in Section 7.

3 The Global Factory: Trends in the International
Division of Tasks

3.1 Phases in the International Fragmentation of Production

Since the 1960s, the world economy has been characterized by a (then) “new”

international division of labor where firms in advanced countries off-shore

manual production activities to low-wage regions, while retaining more skilled

headquarter activities at home. A theoretical underpinning of this unbundling

process can be based on differences in factor endowments as provided in classic

work on multinational production (e.g., Markusen, 2002). Baldwin (2016)

emphasizes the acceleration and changing nature of the unbundling process

from the mid-1980s onward. Geographically separating various production

stages became more attractive as the North–South productivity-adjusted wage

gap grew, and separation became less costly with declining communication,

transport, and coordination costs. The interaction of lower trade and communi-

cation costs and the opening up of labor-abundant economies such as India and

China played a decisive role in accelerating this process and the emergence of

the “global factory” (Buckley, 2018).

In Timmer et al. (2021) we introduced a novel measure of cross-border

supply chain fragmentation (SCF) to trace the speed and scale of the fragmen-

tation process. The SCF ratio is based on a summation of all imports along

a particular supply chain divided by the output value of the end-product. It takes

account of imports by the country in which the product is finalized as well as

imports by other countries in upstream stages of production. The SCF ratio is
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different from, and complements, other measures that capture different aspects

of global value chain production and trade, as surveyed in Johnson (2018). In

particular it extends the measure of offshoring introduced by Feenstra and

Hanson (1999) and of vertical specialization introduced by Hummels, Ishii,

and Yi (2001). Both these measures are insensitive to fragmentation in upstream

stages of production that takes place outside the country that produces the end-

product. Importantly, the SCF ratio is based on changes in volumes while other

measures of fragmentation are based on changes in nominal values, confound-

ing price, and volume effects. This is particularly important in periods when

price differentials between raw materials and fabricated products arise, such as

in the natural resource booms in the early 1970s and 2000s.

Figure 2 shows the aggregate SCF ratio for all goods and services in the world

economy from 1965 onward. Various phases in the global fragmentation pro-

cess can be distinguished. This process accelerated first in the 1960s. The SCF

ratio appears to be more or less constant from the mid-1970s onward, before

strongly accelerating again at the end of the 1980s. Yet, Pahl and Timmer (2019)

show that the global trend hides substantial variation in the timing and strength

not only across individual countries but also across industries. They showed that

Figure 2 Phases in the international unbundling of production

Note: Supply Chain Fragmentation (SCF) ratio at constant prices as defined in Timmer
et al. (2021). Annually chained Laspeyres volume index with 1995 as base. The ratio
sums the volume of imports by all countries that participate in a particular supply chain,
aggregated across all chains of goods and services in the world economy. Higher value
signifies higher degree of international fragmentation of production. 1965–2000 cour-
tesy Jop Woltjer, based on the long run WIOD database (Woltjer et al., 2021) and 2000–
2018 own calculations based on OECD MRIO database (TiVA 2022 release).

16 Development Economics

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


the first wave of vertical specialization in the world economy (1970–1980)

involved almost all rich countries and various countries in East and South Asia

as well as sub-Saharan Africa in their data set. In East Asia, Japanese industry

started to unbundle, profiting from vast wage differences in the region (Fukao,

Ishito, and Ito, 2003). The second wave (1986–1993) was more widespread also

involving countries in South and Central America. In North America the

Maquiladora program boomed, integrating the US and Mexican border regions

at a fast pace (Feenstra, 1998). The third wave (1993–2008) revealed

a concentration of the vertical specialization process as there was a sharp drop

for countries in East and South Asia as well as in South and Central America.

On the other hand, countries in Eastern Europe and Central Asia became more

involved through large scale cross-border investments from the European

Union. Importantly, increasingly value is added outside the region to which

the country-of-completion belongs, suggesting a transition from regional pro-

duction systems to a truly “Factory World” during this period (Los et al., 2015).

On the other hand, countries in the Middle East and North Africa experienced

relatively few periods of vertical specialization at any time. All industries

(except oil refining) participated in the unbundling process albeit at different

speeds. The trend was particularly strong for production of durable goods like

machinery and transport equipment as well as for chemical products. Exports of

textiles became gradually more import intensive from the 1960s onward,

whereas exports of machinery (including electronics) were below-average

intensive in imports in 1970, but rapidly becoming more import-intensive

over time in the 1980s.

The unbundling trend was halted in 2009, coinciding with the great global

trade slowdown in the aftermath of the global financial crisis in 2008 (see

Figure 2). The drop in 2009 appeared to have been a short-run phenomenon.

This is partly a reflection of sizeable inventory adjustments with unusually low

purchases of intermediate inputs (Alessandria et al., 2010; Bems et al., 2013). In

2010, the ratio was almost back at the 2008 level and leveled of afterward,

resonating with a modest increase in import protection arising from temporary

trade barriers as documented in Bown (2018). An important development is that

the fragmentation process stalled for many goods production processes after

2010. This is strongly related to the increased ability of China, the major

producer of these final goods, to substitute imports of sophisticated intermedi-

ates by domestically produced inputs. This substitution reflects the increasing

ability of China to substitute its imports of intermediates by domestics produc-

tion, with local firms spanning more and more stages of production (Kee and

Tang 2016; Chor et al., 2021). Timmer et al. (2021) find also that various final
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services “products” started to fragment in this period, albeit from a low level,

such as construction services, logistics, and various professional services.

All in all, it can be concluded that the fragmentation process continued for

three decades, but stalled in the Great Recession. The fallout of the financial and

economic crises that engulfed the world in 2008 and 2009 hid the ending of the

fragmentation process of goods production. With hindsight it can be concluded

that the period from the end of the 1980s up to 2008 was a special period in

global economic history.

Moving forward, digital infrastructure and automation technologies are

likely to continue to reshape how firms structure what they do and where.

Robotics and AI enable some tasks to be brought back in-house if machines

outperform offshore labor, while cloud computing and digital platforms reduce

coordination costs, allowing firms to outsource even complex business tasks.

But these technological developments interact with other global trends, such as

rising geopolitical tensions.

3.2 Specialization in the Global Factory

We delve deeper into the changing nature of the division of labor in the Global

Factory since the mid-1990s. In particular, we are interested in what types of

activities are carried out and in which countries. We aggregate the 455 tasks in

this section to differentiate between knowledge-intensive (KI) and fabrication

tasks. Fabrication tasks involve physical transformation processes, such as

machine operation and assembly. KI tasks encompass a wide range of pre-

fabrication (conceptualization, R&D, design, engineering) and post-fabrication

tasks (marketing, branding, distribution). We measure Global Value Chain

(GVC) income in these tasks by identifying the location and income of workers

in the global factory of final manufacturing goods.13 Note that workers in KI

tasks are employed across manufacturing and services industries. The allocation

of workers into KI and fabrication tasks is both exclusive (each worker belongs

to one category) and exhaustive (all workers are categorized).14 We focus on

differences in specialization across countries and changes in GVC income, and

also explore the importance of intangible income in the global factory.

13 See Johnson (2018) for a review and comparison of GVC income to other “trade in value added”
methods.

14 The approach involves two steps. First, we trace the value added by any industry in any country
for a given manufacturing good using global input-output tables, akin to technical teardown
reports in product case studies. Second, we incorporate information on the occupation of workers
in each industry-country and their incomes, distinguishing between those involved in fabrication
and KI tasks. This allows us to trace income from fabrication and KI tasks globally in the
production of specific goods (e.g., textiles, electronics).
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For intuition, it is helpful to realize that this method is the macro-economic

counterpart of the well-knownmicro case-study approach by Dedrick, Kraemer,

and Linden (2010), who analyzed the income and job distribution in the

production of the Apple iPod around 2006. The iPod’s production exemplified

the unbundling of the production process, with components sourced globally

and assembled in China. “Teardown” reports provided insights into the inputs

and their market prices, allowing the authors to trace value captured by various

participants like Broadcom, Toshiba, and Samsung. The iPod’s global produc-

tion network involved over 41,000 jobs, with 98% of fabrication jobs in Asia

and 65% of higher-paid engineering jobs in the United States. Consequently,

nearly three-quarters of the labor income went to US workers, while Chinese

workers earned less than 2.5% (Linden, Dedrick and Kraemer, 2011). Similar

studies were conducted for other electronics, such as mobile phones by Dedrick

et al. (2010) and Ali-Yrkkö et al. (2011), with Kaplan and Kaplinsky (1999)

contributing on the distribution of value in South African peaches. While

product-level studies are insightful, they don’t capture the aggregate macro

trends. This subsection offers therefore an overview of GVC income trends.

Table 2 highlights changes in real GVC incomes for major countries, ranked

by growth. Overall earnings in the global factory increased rapidly driven by the

rising global demand for manufacturing goods. This demand was fueled by the

emergence of a new global middle-class boosting GVC incomes in emerging

economies without significantly reducing incomes in advanced economies.

China and India saw remarkable increases, quadrupling their incomes from

1995 to 2018. Brazil, Turkey, and smaller economies like the Czech Republic,

Latvia, and Slovakia also more than doubled their incomes. Conversely, real

GVC incomes hardly changed in major advanced economies such as Great

Britain, Italy, the United States, and Japan. Germany and South Korea are

interesting exceptions, as they saw increases of 80% and 92%, respectively.

Countries varied not only in the growth of real GVC income but also in the type

of tasks performed. The last columns of Table 2 show the share of knowledge-

intensive tasks in overall GVC income, revealing a clear pattern of specialization

from1995 to 2018. Emerging economies are generally less specialized inKI tasks

compared to advanced market economies. Figure 3 summarizes country-level

data, plotting changes in GVC income on the horizontal axis (2018 GVC income

divided by 1995 levels) and changes in specialization on the vertical axis (KI

income share in 2018minus the share in 1995). Countries on the south-east side of

the graph experienced rapid GVC income growth, while those on the north-west

side saw KI specialization in the Global Factory. While China’s KI tasks grew

faster than fabrication, its overall share of fabrication remained high globally,

creating substantial employment opportunities and lifting many out of poverty.
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Table 2 GVC income and KI specialization in the global factory

Country
Real GVC
income 1995

Real GVC
income 2018 Change

KI income as % of
GVC income 1995

KI income as % of
GVC income 2018 Change

India 212,235 966,834 4.56 65% 74% 9%
China 691,226 3,021,996 4.37 37% 40% 3%
Czech Republic 18,077 53,783 2.98 52% 64% 12%
Turkey 60,571 174,042 2.87 48% 57% 9%
Romania 22,884 60,919 2.66 47% 51% 4%
Indonesia 142,968 329,138 2.30 76% 75% -1%
Poland 61,957 134,170 2.17 46% 56% 10%
Brazil 151,737 294,742 1.94 48% 57% 9%
South Korea 141,278 271,944 1.92 64% 69% 5%
the Netherlands 57,388 106,602 1.86 71% 79% 8%
Austria 29,921 55,327 1.85 52% 68% 16%
Germany 370,566 668,527 1.80 63% 71% 8%
Russian Federation 178,941 309,825 1.73 64% 64% 0%
Mexico 70,586 114,079 1.62 47% 52% 5%
Spain 98,663 156,859 1.59 57% 68% 11%
France 162,239 248,130 1.53 62% 74% 12%
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Taiwan 86,555 131,729 1.52 55% 59% 4%
Sweden 25,802 34,288 1.33 62% 69% 7%
Portugal 21,610 28,016 1.30 56% 62% 6%
Canada 91,573 117,424 1.28 54% 58% 4%
Belgium 38,128 48,481 1.27 65% 74% 9%
Italy 231,650 283,147 1.22 66% 66% 0%
Australia 49,909 57,740 1.16 62% 70% 8%
Japan 513,159 535,945 1.04 41% 54% 13%
United Kingdom 177,170 181,379 1.02 68% 74% 6%
United States 1,040,279 1,015,462 0.98 51% 69% 18%

Notes: GVC and KI (knowledge-intensive) incomes calculated as described in main text. Change in GVC income is measured as GVC income in 2018
divided by level in 1995. Change in KI specialization is measured as share in 2018 minus the share in 1995. All income values are expressed in US$ at
constant 2011 PPPs. Source: Buckley et al. (2020) updated using estimates by Gentile and de Vries (2024).
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India, already specialized in KI tasks in 1995, maintained this specialization, with

74% of GVC income from KI tasks compared to China’s 40%. Japan and the

United States saw substantial increases in the share of KI tasks, with real income

from KI tasks remaining stable while fabrication income declined. This contrib-

uted to labor market polarization and lower relativewages for less skilled workers

in routine fabrication jobs (Autor andHandel, 2013). France, Germany, and South

Korea successfully capitalized on the expanding global consumer market,

increasing tasks for both skilled workers in KI tasks and less skilled workers in

fabrication. They were differently impacted by the “China shock” compared to

Anglo-Saxon countries.

Specialization patterns in the global factory differ across products. For instance,

KI tasks in apparel are easier to enter than in pharmaceuticals due in part to the

strategic importance of patents in the latter. Generally, production processes reliant

on intellectual property or advanced technology requiring tacit knowledge acquired

through learning and experimenting show distinct specialization patterns. Figure 4

shows the scale of workers in fabrication andKI tasks in emerging economies (EE)

relative to advanced economies (AE) for separate product groups in 2018.15

Figure 3 Change in GVC income and KI specialization, by country

Notes: Change in GVC income between 1995 and 2018 on horizontal axis. Change in KI
share on vertical axis, multiplied by 100. Data taken from Table 2. Bubbles reflect
country’s size of GDP (at PPP) in 2011.
Source: Buckley et al. (2020) updated using estimates by Gentile and de Vries (2024).

15 Note that this is different from jobs generated in the textile industry, as workers in many sectors
contribute to the global factory for textile products, such a cotton by agriculture and design by
business services.
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Products are ranked by their relative scale ratio for workers performing fabrication

tasks. The scale gap in KI tasks is much smaller than in fabrication tasks. Clearly,

there is notable variation across products. For example, the scale of tasks in

emerging economies for textiles is a major outlier, with the number of workers

performing fabrication tasks per capita in EEs more than twelve times that in AEs.

For KI tasks, it is almost four times the level in AEs, indicating there are also many

workers in EEs involved in pre- and post-fabrication tasks. In pharmaceuticals,

a substantial portion of fabrication tasks is in EEs (double the AE level), but this is

much less so for KI tasks.

The offshoring of tasks to emerging economies contributed to a decline in the

labor share in incomes and a rise in the capital share in both advanced and

emerging economies (Timmer et al., 2014; Karabarbounis and Neiman, 2014).
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Figure 4 Scale of tasks in emerging economies relative to advanced economies,

by product group, 2018

Notes: Scale (GVC workers per capita) of knowledge intensive and fabrication tasks in
emerging economies relative to advanced economies. TEX: Textiles, wearing apparel
and leather products; PHARM: pharmaceutical products; ELEC: electrical equipment;
COMP: computer, electronic and optical products; CHEM: chemical products; MACH:
Manufacture of machinery and equipment; PETRO: refined petroleum products; CAR:
motor vehicles and trailer.
Source: Buckley et al. (2020), updated using estimates by Gentile and de Vries (2024).
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Multinational firms developed firm-specific coordination systems, taking

advantage of offshoring labor-intensive tasks to low-wage locations, leading

to a decline in labor income in GVCs due to wage cost savings. The growth in

global purchasing power, particularly in China, benefited multinational firms

that leveraged existing intangibles like brand names and distribution systems at

low marginal costs. This relates to how lead firms in GVCs have increasingly

concentrated on developing and managing so-called “intangible assets.” These

intangibles, which are highly appropriable, non-location bound, scalable at low

marginal cost, and susceptible to opaque valuations, have become crucial for

generating profits and temporary market power of multinational enterprises

(Teece, 2018; Durand and Milberg, 2020). Clearly, such intangible assets

contribute to productivity by enhancing a firm’s ability to innovate, scale, and

differentiate itself in the market. For example, patents can protect innovative

ideas, allowing firms to recoup R&D investments, while trademarks and brand-

ing (including goodwill) help firms attract and retain customers more effect-

ively. These intangible investments often exhibit spillover effects, where

benefits extend beyond the firm, and scalability, meaning that once created,

they can be used repeatedly at low marginal cost, both of which amplify their

contribution to productivity (Haskel andWestlake, 2017). Indeed, recent studies

highlight the rise of “superstar firms” in the United States, which leverage

scalable information technologies and significant investments in intangible

assets to gain productivity advantages and increase market shares (Crouzet

and Eberly, 2019; Autor et al., 2020).

But just how important are intangibles in the division of gains in the Global

Factory? Given their attributes, the returns to intangible assets are difficult to

separate from returns to more conventional tangible assets such as plant,

machinery, hardware, and buildings. When produced and used in-house, they

are often not fully reported in firms’ balance sheets or national accounts statis-

tics (Corrado et al., 2005). Chen et al. (2021) propose the “yeast approach” to

measure intangible income indirectly based on residual income. This method

aligns with the role of intangible assets in value creation and appropriation.

Intangible capital acts as the “yeast” that generates value from labor and

tangible assets. The returns to this intangible yeast are calculated residually

by subtracting the costs of labor (L at wage w) and tangible assets (K at user cost

rate r) from the value-added (Y), i.e., Y – rK – wL. Data on value-added,

tangible asset stocks, and labor costs from national accounts statistics allow for

estimates of intangible asset returns.16 Results are given in Table 3, highlighting

16 This approach has roots in earlier works like Karabarbounis and Neiman (2019) and Prescott and
Visscher (1980). Chen et al. (2021) extend this logic to GVCs, determining intangible asset
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broad trends in returns within the global factory of manufactured goods. It

confirms prior research that found a decline in the labor share of worldwide

returns in GVCs. Most notably, it shows that returns from intangible assets

(intellectual property, R&D, and firm-specific knowledge) far exceed those

from tangible assets, by a factor of 1.7 in 2019, making up almost a third of

the total market value of final manufactured goods. The results also show that

the early 2000s was a unique period in the global economy where supranormal

returns were temporarily captured, largely due to firm-specific intangible assets

that went unrecorded in national statistics. The share of intangibles went up

from 27% to 31% of total GVC income, gradually declining again to 30% in

2019, but not returning to the 2000 level.

In conclusion, the structure of the Global Factory has undergone

a fundamental transformation, affecting both the distribution of tasks among

countries and the allocation of returns to various factors of production.

Recently, globalization has changed. Recent supply chain disruptions have

been primarily driven by a shift in the nature of economic shocks, from isolated

incidents to system-wide events, rather than by changes in the supply chains

themselves (Baldwin et al., 2023). Looking ahead, the future of globalization is

likely to be shaped more by services, particularly intermediate services, than by

Table 3 Global returns to factor inputs in manufacturing GVCs

Factor inputs 2000 2007 2013 2019

Labor returns 57.2 52.7 52.1 52.7
Tangible asset returns 15.4 16.0 17.9 17.5
Intangible asset returns 27.4 31.4 30.0 29.8
Total returns in GVCs 100.0 100.0 100.0 100.0

Notes: The shares of each factor input are expressed as percentages of the total GVC
returns. Labor returns include all costs of employing labor, including self-employed
income. Tangible asset returns are calculated as gross returns to tangible assets based on
a 4% real (net) rate of return and industry-specific depreciation rates. Intangible asset
returns are calculated as a residual (gross value added minus labor and tangible asset
returns). The total returns include returns earned in the upstream, production and
downstream GVC stages of the production of all manufactured goods in the world
economy.
Source: Own calculations updating Chen et al (2021) based on the WIOD 2016 and
ADB Multi-Regional Input Output Tables for 2019, extended with data on tangible
capital stocks and distribution margins.

returns across all industries and countries in GVCs, a method also used by Jaax and Miroudot
(2021).
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goods. This shift is evident in the diverging growth patterns of services and

goods trade. Digital technology has enabled increased trade in intermediate

services, and high-income countries generally maintain few or no barriers to

such exports, facilitating this trend (Baldwin, 2022).

4 Trade in Tasks Development: Stylized Facts

Whereas the previous section provides aggregated trends, this section provides

greater detail by contributing to the long-standing tradition of analyzing pat-

terns of structural transformation as incomes rise (Chenery et al., 1986; Syrquin,

1988; Herrendorf et al., 2014). A traditional concern in this literature is the lack

of export development, which appears to be linked with slower structural

change and productivity growth. We study the domestic value-added content

of exports and revisit the relationship between export development and income

growth from a task perspective.

Section 4.1 describes the average patterns in task shares across different

levels of economic development. We document that the export basket of

countries changes not only across industries (e.g., from textiles to electronics)

but also within them (e.g., from craft workers to engineers). We also provide

evidence that participation in GVCs relates to enhanced productivity but limited

employment expansion. Section 4.2 employs a shift-share method to examine

how countries initially specialize along the extensive margin (shifting exports

of value added across industries) and later along the intensive margin (shifting

exports across occupations within industries).

4.1 Trade in Tasks and Levels of Economic Development

How do exports evolve in terms of tasks as countries grow richer? Figure 5

illustrates the development of export shares of various industry-occupation

pairs as GDP per capita increases. These shares are estimated using a non-

parametric smoother on data from fifty-two countries over a span of twenty

years.17

Traditionally, export patterns are described as progressing from agricultural

to manufacturing products. Within manufacturing, exports shift from light

industries that rely on unskilled labor to heavy industries that depend on

physical and human capital (Syrquin, 1988). Figure 5 confirms this progression.

The share of the textile industry in total value-added exports is generally high

17 Locally Weighted Scatterplot Smoothing (LOWESS) is a non-parametric method used to create
a smooth curve through the data points. It performs localized regressions using subsets of data,
weighted by their distance from the target point. In Figures 4.1 and 4.2, we use a bandwidth of
0.5, meaning 50% of the data points are considered for each local regression.
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A. Occupations in textile manufacturing industry
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Figure 5 Task shares in exports over levels of economic development, selected industries

Notes: percentage shares of tasks in overall domestic value added exports is plotted against GDP per capita (in 2017 US$, log scale) using a non-parametric
LOWESS smoother with bandwidth 0.5 on data for 52 countries and the period 2000–2018. Panel A refers to textiles and textile products manufacturing
(ISIC revision 3 codes 17t18), panel B to electrical and optical equipment manufacturing (30t33), and panel C to transport services (60t63). “All other
occupations” refers to total of occupations not separately shown. Reproduced from Kruse et al. (2024), licensed under CC BY 3.0 IGO.
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during the early phases of development but steadily declines as countries grow

richer (Panel A). Conversely, the export share of tasks in the electrical machin-

ery industry steadily increases, peaking at a GDP per capita of around $40,000

before declining (Panel B).

However, a task perspective reveals that the export basket of countries

changes not only across industries but also within them. For instance, in the

early stages of development, exports from the electrical industry are dominated

by craft workers and machine operators. As countries develop, engineers play

a major role in these exports (Panel B). Additionally, the services industry

makes substantial contributions to value-added exports, as noted by Johnson

and Noguera (2017). For example, tasks in the transport services industry

constitute between 8% and 10% of total export value at all development levels

(Panel C). Initially, these tasks are mostly performed by drivers and mobile

plant operators. Over time, the share of tasks performed by clerical support

workers and sales workers increases. These results show that the composition of

exports evolves not only across different industries but also within industries as

countries develop.

Figure 6 illustrates the cross-country evolution of trade in tasks relative to

GDP per capita. To simplify the analysis, panel A aggregates the 455 tasks into

five broad groups: engineering, managerial, production, support, and other

across all industries. A common distinction in global production is between

fabrication and headquarter activities, generally aligned with unskilled (blue-

collar) and skilled (white-collar) labor, which we discussed in the previous

section. Building on this, we now classify occupations into five functional task

categories: engineering, managerial, production, support, and other. These

categories reflect how multinational firms typically structure their operations

around core business functions to exploit internal economies of scale (Porter,

1985).

The data indicate that at lower levels of economic development, production

constitutes a large portion of export income. Specifically, the production share

decreases from over 50% of total exports at GDP per capita levels below $5,000

to approximately 30% at levels above $40,000. As countries become wealthier,

engineering, managerial, and support increasingly dominate the labor income

derived from exports.18 Panel B offers a more detailed look at production across

four broad industry groups. It reveals a shift in income from production within

18 Future research may explore whether shifts in the task content, such as transitions to managerial
and engineering tasks, nowadays occur earlier in developing countries than in developed ones.
This would extend the analysis of deindustrialization trends in developing countries based on
manufacturing domestic value added shares as in Rodrik (2016) and Kruse et al. (2023) to an
analysis based on manufacturing task shares.
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Figure 6 Task shares in exports over levels of economic development, cross-country

Notes: Based on percentage shares of tasks in overall domestic value added exports for 59 countries and 20 years. Shares are plotted against GDP per capita
(in 2017 US$, log scale) using a non-parametric LOWESS smoother with bandwidth 0.5. Broad groups are aggregated up and summed over all industries in
panel A. Support services include: other professionals, clerical support workers, and sales workers; Production includes: craft workers and machine
operators, agricultural workers, and drivers; Others include: legislators, health professionals, teachers, personal support workers; and other workers. Further
breakdown of production in panel B by industry in which production task takes place: agriculture and mining refer to ISIC rev. 4 codes A and B,
manufacturing industries to code C and services industries to codes D to U. Reproduced from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.
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agriculture, mining, and “light” manufacturing industries (such as food and

textiles) toward production in “heavy” manufacturing industries (including

electrical and transport equipment).

Changes in task income shares likely relate to productivity growth. This

is because tasks are likely to differ in their returns to factor inputs, for

example, where the average wage of engineers is higher than assemblers.

Tasks are also likely to differ in their potential for productivity growth and

in the generation of knowledge and other spillovers. However, whether

changes in task income shares also relate to employment growth is

a different matter. As Rodrik (2018) argues, the specialized nature of

GVC participation, typically focused on a narrow set of tasks within global

production networks, limits the development of domestic linkages. This

means that local firms are often excluded from upstream or downstream

activities, reducing opportunities for job creation, technology transfer, and

productivity spillovers. As a result, GVC integration may raise export

volumes and foreign investment without delivering the widespread employ-

ment benefits or structural transformation that characterized industrializa-

tion in earlier periods of development. Compounding the issue, Rodrik

(2018) contends that technological advancements within global value

chains favor skilled labor, resulting in increased productivity but failing

to adequately absorb unskilled workers.

Suggestive evidence for this is provided in Figure 7. The figure shows the

change in the number of workers involved in global value chains plotted

against the change in labor productivity. Some countries, such as China and

Vietnam, demonstrate a combination of job creation and rapid labor prod-

uctivity growth. In contrast, other countries like Ethiopia, Romania, Russia,

and Senegal experience high productivity growth but relatively modest job

growth. Overall, there is no clear positive relation between job creation and

productivity (value added per worker) in global value chains. This aligns

with other recent studies. Country-level regressions indicate that participa-

tion in global value chains positively relates to labor productivity

(Constantinescu et al., 2019), but does not necessarily lead to employment

growth (Pahl and Timmer 2020; Winkler et al., 2023). Firm-level data from

Diao et al. (2021) reveal that larger firms in Tanzania and Ethiopia, which

have recently started exporting, show enhanced productivity but limited

employment expansion.

The next section investigates the extent to which countries follow a common

development path in export specialization. First, we further explore how the

composition of exports evolves both across industries and within industries as

countries develop.
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4.2 Trade in Tasks: Distinguishing Changes along the Intensive
and Extensive Margin

As discussed in the previous section, changes in the tasks composition of

exports can be driven by shifts along the extensive margin – shifting exports

of value added across industries – and shifts along the intensive margin –

shifting export income across occupations within industries. To quantify the

relative importance of these shifts, we conduct a standard shift-share decom-

position. The overall change in So, the share of occupation o in a country’s

overall export income during a particular period, can be expressed as follows:

ΔSo ¼
X

i
S i Δ Sio þ

X
i
Sio Δ Si; ð1Þ

where Sio represents the share of workers with occupation o in exports of

industry i, and Si denotes the share of industry i in the country’s overall export
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Figure 7 Productivity and employment growth within global value chains

Notes: Average annual growth rates of workers and labor productivity (measured as
deflated value added per worker) in GVCs from 2000 to 2014 are presented. The results
cover 7 low-income countries (Bangladesh, Ethiopia, Indonesia, India, Kenya, Senegal,
and Vietnam), 6 lower-middle-income countries (Bulgaria, China, Lithuania, Latvia,
Romania, and Russia), and 12 upper-middle-income countries (Brazil, Croatia, Czech
Republic, Estonia, Hungary, South Korea, Malaysia, Mexico, Poland, Slovakia, South
Africa, and Turkey). Reproduced from Pahl et al. (2022), licensed under CCBY 3.0 IGO.
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income. Δ indicates the change over the period and a bar over a variable denotes

the period average of that variable.

A change in So can result from two main factors. Firstly, shifts along the

intensive margin occur when there are changes in the distribution of value-

added exports across different occupations within industries. This is represented

by the first term on the right-hand side of the equation. Secondly, changes along

the extensive margin occur when there are shifts in the distribution of value-

added exports between industries. This is captured by the second term in the

equation.

Table 4 presents the decomposition for each of the five broad occupational

groups between 2000 and 2018. The economies are categorized into advanced

and developing groups based on their income levels in 2000 (see Appendix

B for the countries in each group). The results are reported as simple averages

across all economies within each group.

In developing economies, the decline in the export of production tasks is

primarily attributed to shifts along the extensive margin, as workers transition

toward less production-intensive industries. As countries progress economic-

ally, shifts along the intensive margin become increasingly dominant, aligning

with the production outsourcing hypothesis, also referred to as the “servicifica-

tion” of goods industries, as highlighted by Duernecker and Herrendorf (2022).

Engineering continues to expand its export share across all development levels,

primarily driven by shifts along the extensive margin. Conversely, the increase

in the export share of managerial tasks occurs exclusively through increasing

shares within industries, observed in both developing and advanced economies.

Our exploratory findings illustrate how the task composition of exports

evolves along both the industry (extensive) and occupation (intensive) dimen-

sions as countries advance. Initially, countries specialize along the extensive

margin, shifting exports of value-added across industries. As GDP per capita

continues to rise, specialization intensifies along the intensive margin, with

exports of value-added shifting across occupations within industries. While

extensive diversification is captured in analyses using the traditional product

or industry perspective, intensive diversification is not. This sheds light on the

nuanced dynamics of export composition changes as countries progress in terms

of GDP per capita.19

19 Kruse et al. (2024) present regression results where task speciation is regressed on initial task
specialization and average proximity to new tasks. Proximity measures how likely two tasks are
to be co-exported by the same countries with comparative advantage (further discussed in the
next section). The regressions suggest that proximity plays a more significant role in the
development of new specializations for developing countries compared to advanced countries,
especially along the extensive margin.
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Table 4 Decomposition of changes in task export shares, 2000–2018

Occupational group

Advanced
economies:
Within
industry

Advanced
economies:
Between
industry Total

Developing
economies:
Within
industry

Developing
economies:
Between
industry Total

Managerial 104.4 −4.4 100 138.2 −38.2 100
Support services 84.0 16.0 100 47.3 52.7 100
Production 57.0 43.0 100 22.0 78.0 100
Other occupations 41.8 58.2 100 −10.3 110.3 100
Engineering 32.6 67.4 100 39.4 60.6 100

Notes: The change in the share of a broad occupation group in export incomes is decomposed into between-industry and within-
industry effects according to equation (1) for five broad aggregations of occupational groupings. Results are standardized by the total
change within each broad aggregation and ordered by the within-industry component for advanced economies. Simple country
averages are given for advanced and developing economies. Reproduced from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.
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5 The Dynamics of Task Specialization

The traditional approach to measure specialization in trade is based on the

product composition of countries’ gross export flows. A central argument in

this Element is that this product perspective needs to be enriched with informa-

tion on what workers do, due to large-scale offshoring trends with workers

across countries carrying out different tasks in global value chains.

This section provides new insights by analyzing the dynamics of trade

specialization through the lens of tasks. Section 5.1 describes the methodology

to identify what tasks countries are relatively best at doing. It also provides an

illustration using the exports of electronics. Section 5.2 examines the cross-

country relation between task specialization and levels of development.

Section 5.3 studies the dynamics of task specialization within countries over

time. Section 5.4 explores the determinants of task specialization. The final part

of this section, Section 5.5, explores the role of automation in task

specialization.

5.1 Comparative Advantage in Tasks: Method and Illustration

A common method to determine if a country is specialized in a particular

product is to examine whether the product’s share in the country’s overall

exports is higher than the corresponding share in the exports of other

countries (Balassa, 1965). For example, when a specific product accounts

for a larger share of a country’s exports compared to others, it suggests

that the country has a comparative advantage in producing and exporting

that good.

Yet, consider the measurement of zjct, which is the income of task j in country

c’s exports in a particular year t (see Appendix A for the mathematical approach

to measure trade in tasks). We can adapt the Balassa method that compares

product shares, and define a Task Specialization (TS) index based on task

incomes in exports. The TS index is then measured as:

TSjct ¼
zjct=

P
j zjct

� �
P

czjct=
P

c

P
jzjct

: ð2Þ

The numerator measures the share of task j in overall income in country c’s

exports at time t. The denominator calculates the same share across all coun-

tries. If the index is above 1 for a particular task j, country c is said to be

specialized in exporting that task.

The TS index is simple and intuitive. Yet, how should it be interpreted? First,

the TS index is appealing as a measure of specialization but should be
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interpreted with care. According to Ricardian trade theory, differences in

relative productivity determine trade patterns. Thus, observable trade patterns

can infer unobservable productivity differences. French (2017) shows how the

Balassa index maps into variables of common quantitative trade models, but

these models focus on final goods. It awaits consideration of models that feature

trade in tasks (Baldwin and Robert-Nicoud, 2014; Antràs and de Gortari, 2017).

Second, the TS index is related to concentration indices like the Herfindahl

index, used in economic geography. However, the TS index differs as it

compares shares, not distributions, and focuses on tasks related to exporting.

This distinction helps separate traded from non-traded activities, which employ-

ment or industry statistics alone cannot do (Kemeny and Storper, 2015). Third,

labor incomes are nominal values in a common currency (US dollars), reflecting

international competition. Task income depends on the number of workers, their

productivity (value added per worker), and the labor income share in value

added. Changes in these factors affect the TS index only if they impact specific

functions differently. For example, a general productivity increase won’t affect

TS indices, but an increase in productivity for engineering tasks might.

That said, Table 5, derived from Timmer et al. (2019), illustrates trade

specialization in electronic goods for selected countries. Indices exceeding

one, indicated in bold, denote specialization. Initially, gross export flows (col-

umn 1) suggest that China, Hungary, Mexico, and Japan specialize in electron-

ics exports. However, value-added export data (column 2) reveals a different

picture: Hungary and Mexico lack specialization in electronics production for

exports, while the United States emerges as being specialized in it. This

discrepancy arises from Hungary and Mexico’s greater reliance on imported

intermediates for export production compared to the United States.

The task specialization perspective offers novel insights. Columns 3–6 dem-

onstrate that Mexico and Hungary do indeed specialize in electronics, but

specifically in fabrication tasks. China’s comparative advantage lies in both

fabrication and marketing. The United States and Japan, however, specialize in

R&D and marketing, crucial for orchestrating and governing global production

networks. This example underscores the conceptual appeal and empirical utility

of analyzing specialization in traded tasks. By employing this approach,

nuanced patterns of specialization that traditional measures might overlook

can be revealed, thereby enhancing our understanding of global trade dynamics

and comparative advantages.

The TS index is a relative measure that compares the value added of various

tasks within a country. However, it does not indicate the overall level of activity

in that country. For instance, in China, income from R&D and other tasks has

rapidly increased, but if production tasks grow at the same pace (as they did
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Table 5 Specialization indices for exports of electronic goods, 2011

Exporting
country

Based on gross
export value

Based on
value added

Based on task
income:
Fabrication

Based on task
income: R&D

Based on task
income:
Management

Based on task
income:
Marketing

China 2.56 2.57 4.02 0.85 0.80 2.19
Hungary 1.60 0.97 1.20 0.83 0.70 0.97
Mexico 1.54 0.86 1.83 0.90 0.78 1.12
Japan 1.38 1.57 2.06 1.49 0.35 1.91
United

States
0.90 1.05 0.59 1.50 2.36 1.23

Austria 0.66 0.72 0.50 1.03 0.82 0.68

Notes: Balassa indices based on comparing shares of electronics exports of a particular country to similar share for all countries in the world. Exports of
value added include value added by any industry in the export of goods from the electronics industry (ISIC rev. 3 industries 30 to 33). Indices greater than 1
are in bold. Source: data from Timmer et al. (2019), table 1.
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during the period we analyzed), the TS index for R&D – being relative to other

tasks – remains low. Additionally, because it is a relative measure, the index is

sensitive to the set of countries included in the analysis. Moreover, the TS index

is an aggregate measure, which means that differences in bilateral trade costs

and trade distortions specific to destination markets might obscure the identifi-

cation of a country’s specialization pattern in unilateral analysis (French, 2017).

The analysis of specialization presented in the subsequent sections provides

a proof of concept and aim to illustrate key patterns both across and within

countries.

5.2 Task Specialization and Levels of Economic Development

What tasks characterize a country’s role in the global economy? Interestingly,

countries with similar levels of economic development often exhibit diverse

specialization patterns. Figure 8 illustrates this phenomenon by plotting GDP

per capita against the TS index for fifty-two countries in 2018. This figure

expands upon the work of Timmer et al. (2019), who focused on high-income

and rapidly growing emerging economies. The extended sample in this Element

includes low- and middle-income countries, providing a more comprehensive

view of the relationship between economic development and task specialization.

Figure 8 presents various panels. Horizontal lines at TS = 1 delineate specializa-

tion thresholds. The first panel reveals a strong positive correlation (Pearson

coefficient: 0.72) between GDP per capita and engineering specialization. In

2018, most advanced economies demonstrated a clear comparative advantage in

engineering, with France, Finland, Germany, and Norway being particularly not-

able. However, Spain and Great Britain exhibited TS indices below 1, indicating

less specialization in this area. These findings suggest that engineering specializa-

tion is a common characteristic of advanced economies, though not universal.

The pattern of specialization is less pronounced for other headquarter activities,

particularly management. The second panel in Figure 8 illustrates TS indices for

management, revealing a weaker positive correlation with GDP per capita

(Pearson coefficient: 0.30). This less distinct relationship can be partially attrib-

uted to the prevalence of small-sized firms in developing countries (Ahsan and

Mitra, 2017; Gottlieb et al., 2024). In these economies, firm owners are often

classified as managers, inflating the TS index for management. This phenomenon

is especially evident in developing nations like India and the Philippines.

Specialization in production tasks exhibits a negative correlation with

income per capita (Pearson coefficient: −0.60). However, panel c of Figure 8

reveals substantial heterogeneity in this relationship. For instance, Vietnam and

the Philippines, despite having similar levels of economic development, display
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a. Engineering

b. Management

Figure 8 Task specialization in exports, 2018

Notes: Countries above the horizontal line indicate specialization in a task (TS≥1).
Authors’ calculations. GDP per capita from the Penn World Tables 10.01, Feenstra
et al. (2015).
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markedly different specialization patterns. Vietnam shows strong specialization

in production tasks, while the Philippines does not.

While comprehensive case studies are needed to fully understand this variety,

we can begin by examining the types of goods and services a country exports as

explored in the shift-share analysis of Section 4. For instance, the United

Kingdom’s strong comparative advantage in management correlates with its

exceptionally high export share of financial services, an industry typically

characterized by a high proportion of management workers. Similarly,

Canada’s specialization in production aligns with its unusually large export

share of natural resources, as mining and primary product manufacturing

generally require above-average shares of production workers.

However, other factors can influence specialization patterns. Japan’s large

share of local production, for example, may be driven by strong consumer

preference for domestic brands and quality. This suggests potential avenues

for further research into the structure of multinational production networks in

East Asia and beyond.

5.3 The Dynamics of Task Specialization

The previous section highlighted that countries with similar levels of economic

development can have very different areas of specialization. These differences

are influenced by factors such as legal systems, infrastructure, and human

c. Production

Figure 8 (cont.)
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capital. Additionally, the size of the country, its attractiveness for multinational

headquarters, geographical features, and historical development of capabilities

and networks also play a role (further discussed toward the end of this section).

These characteristics tend to change slowly over time.

Table 6 presents a transition table for specialization, supporting this hypoth-

esis. Each country is assigned to a group based on the task for which it had the

highest TS index in a given year. Since a country can only have one highest TS

index, these groups are mutually exclusive. For instance, Finland was special-

ized in engineering in 2000 because its highest TS index was in this field. This

remained true in 2018, so Finland is placed in the top left cell of the transition

table.

Interestingly, the diagonal cells in the matrix contain most of the countries:

thirty-one out of fifty-two. This suggests that specialization patterns changed

slowly between 2000 and 2018, which is especially so for countries at higher

levels of economic development. Some countries have developed new special-

ization patterns within just two decades, as evidenced by the non-diagonal

entries in the matrix. For instance, several Central and Eastern European

countries, such as Lithuania and Slovenia, shifted away from specialization in

production toward other tasks like management. Austria and Taiwan moved

from specializing in support tasks to focusing on engineering, likely reflecting

the reorganization of manufacturing value chains. Meanwhile, countries like

Russia and Vietnam transitioned to specializing in production by 2018.

The TS indices are valuable for further exploring task specialization in

a country over time. Figure 9 features heat maps illustrating changes in TS

indices from 2000 to 2018 for four countries across different developmental

stages. Cambodia experienced relatively minor changes compared to the other

countries. For instance, TS indices increased in occupations related to hotels and

restaurants (industry number 22) and inland transport (23), while they remained

stable in many manufacturing sectors. In contrast, Vietnam saw frequent changes,

with declines in TS indices for mining (2), food (3), and leather manufacturing

(5), alongside increases in other manufacturing sectors and utilities (17) and

water transport (24). Notably, machine operators (occupation class 10), clerical

support workers (7), and personal service workers (8) saw increased TS indices.

In Mexico, TS developments varied across occupations: increases were

observed in food manufacturing (3), petroleum refining (8), and transport equip-

ment (15), while declines were noted in legislators (1) and managers (2) within the

same industries. China showed a distinct shift away from goods-producing indus-

tries (1–16) toward service production tasks (17–35), with a notable increase in TS

indices for sales workers (9) across most goods-producing sectors. Overall, within

the same industry, TS indices for different occupations did not consistentlymove in
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Table 6 Transition matrix of countries based on their specialization in exports

2000

2018 Engineering Management Support Other Production

Engineering Germany;
Denmark;
Finland; France;
Norway

- Austria; Taiwan - Mexico

Management - Belgium; Estonia;
United Kingdom;
India; Ireland;
Latvia; Malta;
United States

- Australia Lithuania; Poland;
Portugal; Slovenia

Support the Netherlands Greece Italy; Luxembourg - -
Other Sweden Philippines; Thailand Cyprus Bulgaria; Brazil;

Spain; South
Korea; Fiji;
Kyrgyzstan;
Nepal

Romania; Mongolia

Production - Pakistan - Russia; Vietnam;
Sri Lanka;
Cambodia

Canada; China; Czech
republic; Hungary;
Indonesia; Japan;
Slovakia; Turkey;
Bangladesh

Notes: Allocation of countries to a particular group is based on highest specialization index of the country in 2000 (columns) and 2018 (rows).
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A. Vietnam B. Mexico

C. Cambodia D. China

Figure 9 Heat maps of changes in task specialization indices

Notes: Heat maps depicting the change in the task specialization (TS) index for a task over the period 2000–2018 for a particular country. Tasks are cross-
classified by 13 occupational classes (vertical axis) and 35 industries (horizontal axis; industries 3–16 are in the manufacturing sector). Red cells indicate
a positive change in the TS index, while blue cells indicate a decline. The TS index calculated according to equation (2). Reproduced from Kruse et al.
(2024), licensed under CC BY 3.0 IGO.
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the same direction, confirming the shift-share analysis presented earlier that shifts

along both extensive and intensive margins influence export task specialization.

5.4 Determinants of Task Specialization: Path Dependence

Existing production capabilities shape not only current patterns of task spe-

cialization but also influence the emergence of new ones. Consider the case of

China. A key characteristic of the globalized economy is the rise of China as

a prime location for assembly tasks, which was greatly boosted by its acces-

sion to the WTO in 2001. China relied heavily on processing trade as firms

imported the major parts and components, typically with tariff exemptions and

other tax preferences, and, after assembling, export the finished products.

Koopman et al. (2012) found that in 2002, the share of domestic value

added in Chinese exports of electronic computers was only 19.3 percent. For

all manufacturing exports, the share was 50%in 1997 and 2002, increasing to

60% in 2007. This suggested that China gradually gained the capabilities to

substitute imported intermediates by domestic products, taking over more

advanced production stages. Kee and Tang (2016) provide further firm-level

evidence for this process of upgrading. For China, Kee and Tang (2016)

document the substitution of imports of sophisticated parts and components

by local goods whose production arguably requires more R&D and other

headquarter activities. Chor et al. (2021) find that Chinese firms span more

production stages as they grow more productive, bigger and more experienced

over the period from 1992 to 2014.

We posit that current production capabilities not only determine existing task

specializations but also likely influence the development of new ones. To

investigate this hypothesis, we adapt an outcome-based measure of “proximity”

introduced by Hidalgo et al. (2007) and correlate it with the development of new

task specializations in exports. The proximity between a pair of tasks is empir-

ically inferred from the co-occurrence of specializations for these tasks in our

cross-country panel dataset.20 Specifically, we define the proximity between

two tasks j₁ and j₂, denoted as’ j1; j2ð Þ, as the empirical probability that a country

is specialized in task j₁, given that it is specialized in task j₂:

’ j1;j2ð Þ ¼ min P TSj1 > 1jTSj2 > 1
� �

;P TSj2 > 1jTSj1 > 1
� �n o

; ð3Þ

where probabilities are derived from the cross-country data as

20 This proximity measure has been previously employed by Bahar et al. (2019) and Coniglio et al.
(2021) in analyses of product-level export specializations.

43Trade in Tasks

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


P TSj2 > 1jTSj1 > 1
� �

¼ ðNumber of Countries with TSj1 >1 and TSj2 >1Þ
ðNumber of Countries with TSj1 > 1Þ :

ð4Þ

A high proximity value ’ j1; j2ð Þ indicates that task j₁ is frequently

a specialization in countries that also specialize in task j₂, and vice versa. For

instance, the proximity between machine operators in basic metals manufactur-

ing and those in transport equipment manufacturing is high (’ = 0.53), whereas

the proximity between machine operators and sales personnel within basic

metals manufacturing is low (’ = 0.14).21 The co-occurrence of specialization

in particular tasks might be driven by their common dependence on a country’s

endowments such as human capital or the overall business environment. But

complementarities between particular tasks might also arise out of the shared

requirements of specific job skills, shared infrastructure or specialized inputs.

This approach reflects the notion that factors of production are numerous and

potentially highly specific, with varying and often unknown degrees of substi-

tutability in performing various tasks (Cirera et al., 2023).

Next, we define the average proximity of a particular new task n to the tasks

in which country c is currently specialized at time t. This can be expressed as:

ωc;n;t ¼
P

r IðTSrct > 1Þf g’n;r;tP
r’n;r;t

ð5Þ

We define an indicator function IðTSrct > 1Þ that equals 1 when country c is

specialized in task r at time t, and 0 otherwise. A higher value of ω for task n₁

compared to task n₂ indicates that country c is currently specialized in tasks that

are, on average, more proximate to task n₁ than to n₂. To formally test whether

n₁ is subsequently more likely to develop into a new specialization in the next

period, we employ a baseline linear probability regression model:

P NewSpec n; c; tþ 1ð Þ ¼ 1
� �

¼ β0 þ β1ωc;n;t þ β2ASc;n;t þ βzZþ εc;n;t:

ð6Þ

NewSpec(n,c,t+1) is a binary indicator (1 if country c develops a new special-

ization in task n at t+1, 0 otherwise). ωc;n;t represents the average proximity of

n to the initial export basket (from equation 5). Z is a vector of fixed effects.22

We expect β₂ to be positive, as a higher initial Task Specialization (TS) level

21 The average proximity across all industry-occupation pairs is 0.21.
22 The regression only considers activities where the country initially does not have a comparative

advantage in (i.e. TSc;n;t < 1).
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likely increases the chance of a task becoming a new specialization (i.e.,

surpassing the TS=1 threshold). The key coefficient is β₁. A positive β₁ indi-
cates that tasks more proximate to a country’s current specializations have

a higher probability of becoming new specializations.

Table 7 presents regression results where initial specialization and average

proximity are lagged by five years. Year fixed effects are included in all regressions

to account for time-varying factors affecting all new specializations. Column (1)

presents the baseline regression. As anticipated, the coefficient on initial TS levels

is positive and statistically significant. Similarly, the coefficient for average prox-

imity is consistently positive and highly significant across all specifications. This

supports the hypothesis of path-dependence, suggesting that a country’s existing

strengths and expertise influence its future areas of specialization.

Column (2) examines the development of new task specializations along the

intensive margin, controlling for country-industry fixed effects. Meanwhile,

column (3) focuses on new specializations along the extensive margin, adjust-

ing for country-occupation fixed effects. Average proximity is positively and

significantly associated with the development of new task specializations, both

at the intensive and extensive margins. A 1 standard deviation increase in the

Table 7 Probability regressions for new task specializations

(1) (2) (3)

TSc;n;t 0.083*** 0.068*** 0.083***
s.e. (0.027) (0.023) (0.029)
ωc;n;t 0.036*** 0.050*** 0.045***

s.e. (0.004) (0.005) (0.005)

Year FE X X X
Country-Industry FE - X -
Country-Occupation FE - - X
Sample Total Total Total
N 137,723 137,723 137,723
Adjusted R2 0.042 0.145 0.124

Notes: Results from linear probability regressions; see equation (6). Dependent variable
is xc;n;tþT , a binary being 1 when a country specializes in a new task n (TSc;n;tþ1 > 1) and
0 otherwise. The independent variables are current task specialization in
n (TSc;n;t), average proximity of n to the current specialization of a country
(ωc;n;t) and dummy variables to account for fixed effects (FE). ω’s are
normalized by subtracting the mean and dividing by the standard deviation.
Robust standard errors (s.e., clustered by country) are reported in parentheses.
* p<0.1, ** p<0.05 and *** p<0.01. Reproduced fromKruse et al. (2024), licensed under
CC BY 3.0 IGO.
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average proximity of a new task to the current basket increases the likelihood of

specializing in this task along the intensive margin by 5.0 percentage points

(column 2). Similarly, proximity is crucial for specialization along the extensive

margin, with an impact of 4.5 percentage points (column 3).

5.5 Automation and Task Specialization

Advances in information technology have changed the way in which certain duties

are performed. In particular, Autor et al. (2003) argue that computers and robots

tend to displace labor in the performance of routine and non-cognitive duties. This is

nowadays typically referred to as routine-biased technological change.

Lewandowski et al. (2022) and Caunedo et al. (2023) find that all countries

experienced a shift away from routine to nonroutine jobs, but its pace was slower

in developing countries than in developed countries. Reijnders and de Vries (2018)

show that relocation of routine task-intensive occupations from advanced countries

accounted for amajor part of this difference,moderating the effect of the technology

bias for developing countries. At the same time, innovation generates new activities

and allows for the development of new specializations (Acemoglu and Restrepo,

2019).

To investigate possible differences in the development of task specializations, we

constructed for each of our 455 tasks ameasure of routine task intensity.We closely

follow the approach byAcemoglu andAutor (2011) andmake a distinction between

two types of routine tasks: manual and cognitive based on O*NET measures.23

Routine manual activities are more prevalent in production and operative occupa-

tions, and routine cognitive activities are most intensively used in clerical and sales

occupations. We split the task data accordingly into two samples and redo the

baseline regressions for each sample; see Table 8. For tasks with a high routine

manual intensity, we observe a major difference across advanced and developing

economies (see columns 1–3). New specializations in routine manual intensive

tasks strongly relate to proximity of the tasks to current specialization. For develop-

ing economies, a 1 standard deviation increase in average proximity relates to

a 10.9 percentage point increase in the probability of specializing in new routine

manual intensive tasks. In advanced economies the effect is only 2.9 percentage

points. To aid intuition of this result, consider the example of routine assembly line

work, which may involve attaching components in a fixed sequence (e.g., screwing

bolts, inserting wires); packaging products in standardized ways; or operating

machinery to perform a fixed set of actions (e.g., stamping, cutting). The findings

23 In this approach, O*NETwork activities and work context importance scales are combined and
standardized. However, whereas Acemoglu and Autor (2011) construct measures by broad
occupation classes, we match to detailed occupation-industry data from the US Bureau of
Labor Statistics and then collapse using labor supply weights to create measures by task.
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Table 8 Probability regressions for new specializations in routine intensive tasks

(1) (2) (3) (4) (5) (6)

TSc;j;t 0.071** 0.236*** 0.051** 0.248*** 0.218*** 0.267***
s.e. (0.030) (0.009) (0.024) (0.009) (0.012) (0.014)
ωc;j;t 0.089*** 0.029*** 0.109*** 0.053*** 0.055*** 0.055***
s.e. (0.008) (0.005) (0.007) (0.004) (0.005) (0.005)
Routine manual 0.001 0.009*** -0.001 - - -
s.e. (0.002) (0.003) (0.003) - - -
Routine cognitive - - - -0.016*** -0.030*** -0.008**

s.e. - - - (0.003) (0.006) (0.004)

Country-Year FE X X X X X X
Industry-Year FE X X X X X X
Sample Total Advanced Developing Total Advanced Developing
N 56,697 23,982 32,715 40,227 15,901 24,326
Adjusted R2 0.074 0.098 0.078 0.112 0.093 0.132

Notes:Results from linear probability regression using equation (6). Dependent variable: whether country c has a comparative advantage in task j at time t+5
(xc;j;tþ5= 1). The independent variables are task specialization TSc;j;t and average proximity ω, defined in equations (2) and (5). ω is normalized by
subtracting the mean and dividing by the standard deviation to ease interpretation. Results in columns 1–3 only include observations where
the routine manual intensity of the task is above the mean, and results in columns 4–6where the routine cognitive intensity is above the mean.
Accordingly, the regressions control for manual (columns 1–3) and cognitive (columns 4–6) routine intensity of the task. Routine intensity
constructed following Acemoglu and Autor (2011), see Kruse et al. (2023b). Robust standard errors (s.e., clustered by country) are reported
in parentheses. * p<0.1, ** p<0.05 and *** p<0.01. Reproduced from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.
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suggest that a developing country worker in the textile industry that feeds material

into machines that cut fabric in standardized shapes has a higher likelihood to shift

to the automotive industry where she engages in component assembly by installing

parts like dashboards, seats, or lights in a fixed sequence compared to a similar

worker in an advanced economy.

The impact of proximity on specialization in routine cognitive intensive

tasks, however, appears comparable to the impact for all tasks found in the

baseline across advanced and developing economies (columns 4–6).

6 New Task Specializations and Economic Growth

This section explores the relation between task specialization and economic

performance. New tasks may either closely relate to a country’s existing

specializations (path following) or reflect newly acquired capabilities (path-

defying). We present an approach to analyze path defiance (Section 6.1),

describe new task specializations by countries (Section 6.2), and incorporate

this concept into standard growth regressions to assess economic performance

(Section 6.3). This method offers one way to evaluate how involvement in

global value chains affects economic outcomes.

6.1 Charting New Territories: Measuring Path-Defying Task
Specialization

The previous section demonstrated how countries’ task specializations change

over time. Here, we are interested in how new specializations relate to existing

ones. Specifically, we ask: To what extent are a country’s new specializations

closely related to its existing ones, hence path following? Conversely, to what

degree are they unrelated to existing specializations, and thus path-defying?

Figure 10 illustrates the evolution of a country’s task specializations over

time using a Venn diagram. The rectangle represents the total set of possible

tasks in which a country can specialize. As established in Section 5’s heatmaps,

this set comprises 455 tasks (13 occupational groupings × 35 industries). The

orange circle represents the initial task specialization (TSt), while the blue circle

shows the task specialization at a later time (TSt+1). The overlapping area of the

circles (TSt ∩ TSt+1) indicates tasks in which the country maintains specializa-

tion from time t to t+1. The nonoverlapping area of the blue circle represents

new specializations acquired over time.

Central to our approach here are new task specializations.24We classify them as

either path following (closely related to existing specializations) or path-defying

24 The Venn diagram also illustrates tasks in which a country is no longer specialized at t+1,
represented by the nonoverlapping area of the orange circle. These “exits” are further discussed

48 Development Economics

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


(unrelated to existing specializations). To differentiate between the two, we

employ the proximity measure defined in equation (3) of Section 5. Adapting

Coniglio et al.’s (2021) approach to our context, we define a new specialization as

pathdefying if its maximum proximity to the country’s initial task specialization

(TSt) is lower than the average proximity of tasks in which the country initially

does not specialize (denoted by TSt’, the complement of TSt). In simpler terms, we

consider a country’s new specializations “path-defying” when they are weakly

related to its initial specializations.

Recall that proximity is measured based on the cross-country data (see

Section 5.4). Subsequently, a country’s task specialization pattern is inferred

from the estimates for proximity. Hence, path defiance is only observed if

a countries new specializations deviate from the average pattern. For example,

if countries that are initially specialized in oil shift to tourism over time, this is

the average pattern and a country that follows this pattern of task specialization

will be labeled as path dependent.

6.2 New Specializations by Country

To determine whether a country is path-defying, we compare two cumulative

distribution functions (CDFs) of proximity. The first is the CDF of proximity for

the country’s actual new task specializations. The second is a hypothetical ran-

dom CDF of proximity for all possible new specializations (i.e., the set TSt’). We

then test for stochastic dominance of the first distribution over the second. If the

actual CDF stochastically dominates the random CDF, we classify the country as

Figure 10 Venn diagram of task specialization over time

Notes: The orange circle represents the initial task specialization (TSt), while the blue
circle shows the task specialization at a later time (TSt+1).

by Nomaler and Verspagen (2024), although their analysis uses product data, awaiting applica-
tion using task data.
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path-following. Vice versa, if the actual CDF is not statistically different from the

random CDF, we classify the country as path-defying.25

Figure 11 illustrates the comparison between actual and hypothetical CDFs

for Bangladesh, China, Russia, and Vietnam. In China’s case, the two CDFs are

very close, and we cannot reject the null hypothesis at the 1 percent significance

level. This indicates that China’s specialization pattern from 2000 to 2018 was

path-defying. Conversely, for the Russian Federation, we strongly reject the null

hypothesis, suggesting that its export development path was heavily influenced

by its initial specialization pattern. During this period, the share of path-defying

entries in new specializations was 52.3% in China but only 19.9% in Russia. We

also (marginally) reject the path defiance hypothesis for Bangladesh and

Vietnam, although their shares of path-defying entries (45.8% and 40.9%

respectively) are much larger than Russia’s. The result for Vietnam may seem

surprising. However, it indicates that Vietnam’s pattern of task specialization is

broadly in line with the average pattern observed across countries. It is
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Figure 11 Density functions of proximity

Notes:Cumulative distribution function (CDF) of proximity for new task specializations
is compared with a hypothetical random CDF of proximity for all possible new special-
izations. Reproduced from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.

25 See Appendix D for a formal mathematical exposition.
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important to note that our analysis does not capture the speed at which this

development occurs. Vietnam may still be progressing through task upgrading

more rapidly than others do.

The approach presented here allows examining how countries develop new

areas of economic specialization over time. We compared each country’s actual

tasks to the hypothetical scenario. The results, available in Table E.1 of the

online appendix, show that for forty-four out of fifty-two countries studied, the

actual path of specialization is heavily influenced by its initial specialization

pattern. This finding supports the idea of “path dependence” in economic

development. In other words, a country’s economic future is influenced, but

not completely determined, by its past. Our results using task-based data align

with earlier product-based research by Coniglio et al. (2021). This suggests

a possible lock-in in sub-optimal equilibrium, making it difficult to reach high

levels of economic development. According to the product space paradigm,

policymakers should thus follow a gradualist approach and focus on introducing

new products that are close to their current product mix to avoid failure, as

introduction of radically new products purportedly requires capabilities that are

currently scarce and difficult to create (Hidalgo et al. 2007; Hausmann and

Klinger 2007; Hausmann et al., 2014; and Coniglio et al., 2021).

An important dimension of global value chains (GVCs) is the role of export

destination, particularly whether firms are producing for high-income or low-

and middle-income end-markets. Verhoogen’s (2008) study of Mexican manu-

facturing provides valuable insights: Firms exporting to the United States tend

to upgrade product quality, which in turn reshapes the nature of production tasks

and raises the demand for higher-skilled labor. This quality upgrading reflects

a move toward more complex, nonroutine tasks and may open avenues for new,

higher-value specializations. In contrast, firms targeting developing country

markets often focus on standardized, lower-quality outputs, which are typically

associated with routine tasks and limited skill upgrading. Thus, the characteris-

tics of the export destination can play a critical role in shaping the trajectory of

task development and structural transformation within GVCs. This is left for

future research.

However, as we explore next, economic growth appears weaker in develop-

ing countries with fewer radically new task introductions in their export baskets.

Interestingly, for several advanced economies we cannot reject the null hypoth-

esis that the actual CDF is different from the hypothetical CDF, suggesting their

development paths are less predictable. Perhaps most interesting is the task

specialization pattern of China. While Coniglio et al. (2021) find China’s

exports closely relate to its initial strengths, our task-based analysis suggests

China has developed expertise in new, unrelated areas. This difference
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underscores the potential of conducting country case studies to gain new

insights into the dynamics of trade specialization and economic development.

6.3 Cross-country Growth Regressions for Task Specialization

Is there a relationship between a country’s rate of introducing new task special-

izations and its overall economic growth performance? Figure 12 explores this

question by plotting GDP per capita growth against the share of path-defying

entries for the period 2000–2018, while controlling for initial GDP per capita

levels. The regression line suggests a positive relationship, although the vari-

ance around it is high. We emphasize that these results are only indicative and

should not be interpreted as causal evidence for a growth relationship. The

primary purpose of this estimation is to examine how results from a task

perspective might relate to economic development.

To further explore this relationship, we estimate a parsimonious growth

model following the approach of Coniglio et al. (2021). We regress GDP per

capita growth on the share of path-defying entries plus a variety of economic

Figure 12 Economic growth and the degree of path-defying specialization

Notes: Figure plots the orthogonal component of average real GDP per capita growth
rate against the average share of path-defying specializations for each country. The
regression controls for initial (log) GDP per capita. Slope (standard error) of the linear
fit is 3.73 (2.18). Size of circles represent country size measured as average real GDP in
2017 US$. Reproduced from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.
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growth controls. Appendix Table E.2 reports on cross-country growth

regressions for the sample of 52 economies. The dependent variable is the

average growth rate of GDP per capita in the period [t, t + 1]. The share of

path-defying entries in the set of entries (PDShare) during [t, t+1] is given in

equation (A4). We follow Coniglio et al. and use ln(PD_share*100) as the

main explanatory variable. Results in column (1) suggest that a higher path

defiance in a country’s specialization pattern is associated with higher GDP

per capita growth. Results in column (2) are based on a regression which

includes an interaction term with the level of GDP per capita. The average

marginal effect of path defiance is comparable to the marginal effect in the

regression without interaction. It suggests that countries with a higher degree

of path-defying specialization have faster growth in GDP per capita, albeit

the relationship is not significant at conventional significance levels for any

level of economic development. Various standard growth covariates such as

the level of trade openness and human capital are included. Also, we control

for the total number of new task specializations, to account for changes in the

denominator for the degree of path dependence. See Appendix Table E.3 for

the data sources of the growth covariates. All covariates appear to be

significant, except for human capital and political stability (column 2).

Interestingly, the positive impact of path defiance remains even after con-

trolling for factor endowments in terms of human capital levels and financial

development. This finding suggests that the capabilities required for under-

taking new path-defying tasks extend beyond merely expanding educational

attainment or developing financial markets in a country.

Additionally, we observe that the impact of path defiance on growth is

moderated by the initial level of GDP per capita. Average marginal effects

(AME) of path defiance based on the results in column 2 are given in

Figure 13. The average marginal effect (AME) of path-defying entries on

growth is positive across all development levels, though it’s only statistically

significant (at 95% confidence) for countries with GDP per capita between

approximately 9,000 and 30,000 US$ (Figure 13). This finding both aligns

with and diverges from Coniglio et al.’s (2021) results based on product data.

They found that economic growth is weaker in countries with higher path

dependence in export specializations. Our results qualify their findings

(Coniglio et al., 2021, figure 5) in interesting ways. While we both observe

a positive marginal effect for the poorest countries that declines with higher

incomes, our results differ for middle-income countries. Coniglio et al. found

the effect becomes small and turns negative for this group, whereas our

analysis suggests it remains positive.
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For robustness, two alternatives for the measurement of the path-defying

entries are considered. Results in columns 3 and 4 are based on a less stringent

definition of path defiance, using the mean proximity value plus one standard

deviation as an alternative threshold. Alternatively, values of the percentile rank

of the entry, denoted as pn;c;t ≡ FOc;t

� ��1
dn;c;t
� �

are used as explanatory variable

(using the average of all new entries in each period). This third measure informs

in which percentile of the hypothetical distribution of proximity (derived from

the option set) each entry falls. Low percentiles are associated with entries that

are poorly related to the country’s initial export basket and are therefore path-

defying. Results using this alternative measure are given in columns 5 and 6.

The average marginal effect at the mean is higher for both alternative measures

than in the base line. Although the wide confidence intervals preclude definitive

conclusions, these differing results highlight the potential for analyses based on

the task perspective to generate new insights beyond those derived from the

product perspective.

Figure 13 Average marginal effects of path-defying entries on economic

growth

Notes: Figure shows averagemarginal effects (AME) of path defiance on GDP per capita
growth at various levels of economic development. Effects calculated based on regres-
sion estimates reported in Appendix Table E.2. Point estimates (blue line) and 95
confidence intervals (grey) are shown over levels of (log) GDP per capita. Reproduced
from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.
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7 Findings and Ways Forward

7.1 Key Findings

Traditionally, structural transformation is studied from a sectoral perspective.

However, this perspective has lost focus due to large-scale offshoring trends

with countries carrying out different activities in global value chains. As a result

countries are trading tasks rather than products. Development of a task perspec-

tive on structural change is therefore a much needed addition to the traditional

product perspective. This Element showed that a task perspective can be

fruitfully developed and that it deepens our understanding of trade, structural

change, and development. The main findings can be summarized as follows.

Using the task perspective, we characterized in Section 3 the long term

changes in the international division of labor in the production network of

manufactured goods: who is doing what in the global factory? International

production fragmentation continued for more than two decades unabated: the

value added of advanced economies in the global factory declined from 63% in

1995 to 39% in 2018, mostly offshoring production tasks and maintaining

knowledge-intensive tasks at home. Correspondingly, emerging economies

(including China) increased their share, adding mostly production tasks but

also various knowledge intensive activities, albeit the latter at a slower pace.

The results also show that the period up to the Great Recession in 2008 was

a unique period in the global economy where supranormal returns were tem-

porarily captured, largely due to firm-specific intangible assets such as intellec-

tual property, R&D, and firm-specific knowledge.

At the country level, we identified shifts in task exports both across

industries and across occupations as countries develop, and found in

Section 4 that both dimensions of structural change are important. More spe-

cifically, low-income countries initially specialize in trade along the extensive

margin, shifting exports of value added across industries. As GDP per capita

increases, countries specialize more along the intensive margin, shifting exports

of value added across occupational classes within industries. This latter shift is

not captured in analyses using the traditional industry perspective on structural

change and trade. This is important as the results indicate that export from the

same industry may entail widely different activities in the exporting country as

countries specialize in different tasks within.26 All in all, the findings suggest

26 It is interesting to note that, conversely, products that appear to be rather different on the basis of
the physical characteristics might entail similar type of activities undertaken in the exporting
country. For example, exporting of soccer balls and women’s dresses by low-income countries
share many common activities such as assembling, procuring of materials, quality control, and
establishing vendor channels. See e.g. Gereffi (1999).
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that what you do in exports matters more than what you export.27 This is an

important lesson for policies that aim to stimulate structural change through

trade direction.

This Element also presented evidence for path dependence in the develop-

ment of task export specializations. In the cross section, countries with similar

levels of economic development roughly exhibit comparable specializations

patterns. For example, engineering specialization is a common characteristic of

high-income economies, and specialization in production tasks is typically

found for low- and medium-income countries. Yet, a more detailed look reveals

particular specializations across countries at similar levels of development. This

is influenced by variation in country-specific factors such as legal systems,

infrastructure, human capital availability as well as country size and geography.

These characteristics tend to change slowly over time and this is reflected in our

finding of path-dependence, suggesting that a country’s existing strengths

influence its future areas of specialization. This path dependency was found

to be particularly strong for routine manual intensive tasks in the early phase of

development, but this correlation weakens afterward.

Lastly, Section 6 showed that economic growth in a particular country is

positively correlated with the introduction of so called radically new

tasks, which is a task that defies path-dependence. The average marginal

effect of path-defying tasks on growth was found to be positive across all

development levels, though it is only statistically significant for a range of

middle-income countries. Interestingly, the regression results further suggest

that the capabilities required for undertaking new path-defying tasks extend

beyond expansion of educational attainment and developing financial mar-

kets. Importantly, this should not be interpreted as causal evidence for

a growth – path-defying task nexus. This requires deeper country-specific

analysis. For example, the task-based analysis suggests that fast growth in

China went hand-in-hand with development of expertise in new, unrelated

areas. Yet, fast growth in Vietnam was characterized by more gradual task

trade development. This difference underscores the potential of conducting

country case studies to gain new insights into the dynamics of trade special-

ization and economic development. More generally, the results are suggestive

of a variety of successful development paths, rather than a single unified path

of structural transformation.

27 Paraphrasing on the Hausman, Hwang and Rodrik (2007) study, titled “What you export
matters.” This point has been raised in past, for example by Porter (1998) and De Ferranti,
Perry, Lederman & Maloney (2002) stressing the importance of externalities and spillovers
between various production activities.
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7.2 Future Research Directions and Policy Implications

All in all, we conclude that a task perspective on trade and structural change can

be a useful complement to the more traditional product or industry perspective.

Looking forward, we foresee a number of interesting lines of research, lever-

aging the new insights to reconsider current development debates.28

One interesting avenue for further research is into the determinants of

new export specializations. In theory, there are many drivers of trade, and

why specific patterns emerge remains an empirical question. For example, in

standard models of an open economy, high productivity growth can lead to

the expansion of the fast-growing sector as the economy shifts toward an

emerging comparative advantage. However, changes in preferences, trade

costs, and market access can all influence the structure of the domestic

economy and the share of manufacturing within it (Matsuyama 2009; Uy

et al., 2013). Alessandria, Johnson, and Yi (2021) argue that to advance our

understanding of international trade and structural change, it would be

beneficial to model shifts across a more detailed set of sectors and to account

for international production sharing in global value chains.29 We offer

a number of empirical regularities that might inform future modelling

work along these lines. Importantly, our findings are suggestive of strong

complementarities between various export tasks but we stay agnostic about

their precise nature. Co-occurrence of specialization in particular tasks

might be driven by common developments in countries’ endowments such

as the buildup of general human capital or improvement of the business

environment. But it also points to the possibility of spillovers and comple-

mentarities between activities due to for example the need for specific job

skills, shared infrastructure or need for specialized inputs and services,

including information and communication technologies.30 Factors of pro-

duction are numerous and may be highly specific, with varying and unknown

degrees of substitutability in carrying out various tasks. Relating task spe-

cializations to countries’ endowments might provide a fruitful start to

a deeper understanding of the determinants of trade. In addition, account

should be taken of the importance of external and global factors, such as

shifts in global demand or the rise of competitors, relative to domestic

28 In this subsection, we expand upon section 5 in Kruse et al. (2024).
29 Baldwin and Robert-Nicoud (2014) offered an early framework that integrates trade-in-task

theory with traditional trade theories, specifically addressing how this integration modifies some
foundational international trade theorems.

30 Hernandez-Rodriguez et al. (2025) demonstrate that EU regions are more likely to achieve task
upgrading and avoid downgrading in global value chains when they are connected to partner
regions offering complementary capabilities, emphasizing the joint importance of local and
interregional knowledge linkages for regional development.
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factors in shaping trade patterns.31 Recent work has also begun to emphasize

the importance of domestic market integration, alongside international mar-

ket integration, in particular for large countries. This opens up a more

general set of issues relating to market integration and trade (see

Donaldson 2018).32

Another area of research is on technological change, employment, and

productivity growth. As discussed in Section 1, lack of export development is

a long-standing concern for policymakers as it appears to be linked with slower

structural change and productivity growth. Global value chains appear to offer

an easy entry for developing countries into international trade (Baldwin, 2016).

Yet, it is an open question to what extent this raises job demand as well as

productivity growth at the same time. It has been argued that opportunities for

sustained employment growth have weakened due to the nature of technological

change. Rodrik (2022) contends that modern manufacturing technologies offer

fewer opportunities for employing unskilled labor. Producing for global mar-

kets now demands higher levels of precision and adherence to quality standards,

which may require more automation and less manual work. Circumstantial

evidence for a labor-saving bias in manufacturing technology is mounting.

Reijnders, Timmer, and Ye (2021) estimate a significant and strongly negative

bias in the demand for low-skilled workers within a system of translog GVC

cost equations. This bias moderates the potential of GVC participation to

increase demand for low-educated workers in low-income countries. Indeed,

Pahl and Timmer (2019) show that higher participation in global value chain

(GVC) production is associated with higher productivity growth in a country,

but not necessarily with employment growth. Using detailed firm-level data,

Diao et al. (2021) specifically show that recent productivity growth in Ethiopia

and Tanzania has been high in large and capital-intensive manufacturing firms.

While these firms generated output growth, employment growth was weak.

Instead, workers moved into small and unproductive firms in both manufactur-

ing and services. More generally, Kruse et al. (2023a) do observe increasing

manufacturing employment shares in various sub-Saharan African countries

since the 2000s, but in line with the micro-evidence, this appears characterized

by growth of small unregistered manufacturing firms. A further characterization

of GVC occupations in terms of routine and manual task content would be

valuable in investigating the impact of automation and robotization on product-

ivity and employment growth (as in Section 5.5). Among the many possible

applications, this may provide insights into how frictions and distortions in the

31 See e.g. Daruich, Easterly, and Reshef (2019).
32 See also Boschma (2021) on geography of structural change, and Coe and Yeung (2015) on the

development of regional supply networks.
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labor market generate possible mismatches between supply of workers and

changing demand of tasks.

Another debate is on the potential benefits of participation in global value

production. In theory, participation in global value chains might deliver

a productivity shock that induces firms to carry out new tasks in the chain as

well as to operate each task on a bigger scale. With complementarities between

tasks this could lead to a virtuous cycle of additional task introductions and

growing output and employment as found for China (Chor et al., 2021; see also

Fieler et al., 2018). At the same time, barriers to diversification in global value

chains (GVCs) have been highlighted that possibly trap poor countries in

segments of production with little scope for upgrading to new activities

(World Bank, 2019).33 Gereffi (2005) highlights cases of so-called captive

GVCs in which the organization and governance of the value chain as well as

the nature of technology may trap suppliers from developing countries in low

productive tasks instead of favoring the processes of learning and innovation.

A possible source of lock-in for GVC relationships is that participants often

make relationship-specific investments, such as purchasing specialized equip-

ment or customizing products (Antrás, 2020). Given this, should low-income

governments capitalize on latent comparative advantage for example by target-

ing new tasks that are currently not in their in export basket but are dependent on

similar existing production capabilities? Or do they need to stimulate export of

unrelated tasks in order to avoid lock in? We scratched the surface of this trade-

growth nexus in Section 6 but further investigation into new specializations and

their impact on growth and structural change is warranted.

Another promising field of research is on the role of national and inter-

national institutions in global trade. Prior studies investigated the political

economy of the world trading system (e.g., Hoekman andKostecki, 2009), effects

of free trade agreements on the direction and magnitude of bilateral trade flows

(see, e.g., Johnson and Noguera, 2017; Baier et al., 2023), or more specifically the

role of services trade regulation on manufacturing production and exports (e.g.,

Francois and Hoekman, 2010; Beverelli et al., 2024). Many rules and regulations

(such as tariffs) as well as transport costs are related to the monetary value and

physical characteristics of the products that are traded and apply often to gross

export values. Yet in the case of local content requirements or tariffs on foreign

value added, a breakdown of exports into contribution of various countries is

needed. Clearly, the task perspective provides a complementary view alongside

the product perspective in this field of research.

33 Lack of diversification has traditionally been a particular concern in countries that specialize in
natural-resource intensive activities and suffer from volatile output and low productivity growth
(De Ferranti et al., 2002; Lashitew et al., 2021).
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To benefit from the complementarities between a task and product perspective

the development of an integrated product and task data set is warranted.

A promising avenue is in combining the existing highly granular datasets on

product level exports and imports (at detailed HS level) with information on

occupations of workers in exporting industries. Diodato et al. (2022) provide

a first attempt using occupation data for the United States, assuming that produc-

tion technologies for a particular product are the same around the world. Under this

assumption, cross-country differences in the occupational composition of the

exporting industry (as documented in this study) are simply due to a different set

of products being exported. Yet we have provided evidence that suggests that

production technologies are not constant around the world such that detailed

products will not uniquely map into one set of activities. In addition, Caunedo

et al. (2023) document cross-country differences in the task content of occupations,

suggesting that a description of production technologies in terms of occupational

structures is only a first step toward better understanding of task specializations.

Linking product data with occupational information for more countries than the

United States is needed. Recent AI-based methods offer promising solutions:

Fetzer et al. (2024) introduce a two-step approach where generative AI first

maps potential product interlinkages, then filters out spurious connections to

recover relevant input–output relationships. Similarly, Karbevska and Hidalgo

(2025) usemachine learning and trade theory to infer product-level GVC structures

from regional trade patterns, identifying upstream and downstream specializations.

These innovations harbor a growing capacity to integrate product-level granularity

into input–output data to improve trade in tasks measures in the near future.

Lastly, further data development on task specialization both in geo-

graphical coverage as well as socioeconomic dimensions is desirable. First,

by extending the coverage of low-income countries, notably in sub-Saharan

Africa, to delve deeper into task specialization in early stages of development.34

Second, by including additional socioeconomic dimensions, for example, dis-

tinguishing the role of gender and age groups in accounting for changes in task

specialization (as in Bandiera et al. 2022). This will pave the way for broader

investigations into development and structural transformations that are multi-

dimensional, in the vein of Kuznets (1973). These transformations include

shifts from rural to urban areas, from home-based to market-based activities,

from informal to formal sectors, and from self-employment to wage work, as

recently surveyed by Gollin and Kaboski (2023).

34 A database providing the task content of exports hosted by theWorld Bank is available at https://app
.powerbi.com/view?r=eyJrIjoiNTMzMzllMmUtYTJkYi00MGVmLWEwMGEtMTNmOWJlZDU
0N2Y4IiwidCI6IjMxYTJmZWMwLTI2NmItNGM2Ny1iNTZlLTI3OTZkOGY1OWMzNiIsImM
iOjF9.
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Appendix

A. Methodology

Let e be a vector of exports with dimensions G × 1, where G is the number of

goods and services in the economy.1 DefineAD as theG ×G domestic coefficient

matrix, where each element ast indicates the amount of domestic product s used to

produce one unit of product t (in nominal terms). Using this, we can derive

a vector y (G × 1), representing the total gross output required in each industry to

produce the exports, as follows:

y ¼ I� ADð Þ�1e; ðA:1Þ

where I is a G × G identity matrix with ones on the diagonal and zeros

elsewhere. The matrix (I – AD)
-1 is the well-known Leontief inverse

matrix, which accounts for all output related to exports. This includes

not only the output of the exporting industry but also the contributions of

other domestic industries that provide intermediate inputs. The Leontief

inverse summarizes all prior production steps and can be expressed as

a geometric series: (I – AD)
-1 = I + AD + AD

2 + . . . + AD
∞. This series

assumes that the production technology, as represented by AD, remains

consistent across all stages of production.2

To clarify, note that this type of analysis doesn’t rely on or assume linearity in the

production process, although it’s frequently demonstrated using straightforward

examples involving a sequential chain leading to a final product. However, the

methodology remains applicable in more intricate scenarios, encompassing any

network of production characterized by interconnected stages linked through trade.

To determine the domestic value added in the production of exports, industry

output must be pre-multiplied by V. The matrix V is a G × G matrix with

diagonal elements, vgg, representing the value added to gross output ratios for

industry g, and zeros elsewhere:

d ¼ V I� ADð Þ�1e: ðA:2Þ
Here, the vector d (G × 1) represents the amount of domestic value added required

for a country’s exports. Note thatd includes the value added generated by exporting

1 In methods of trade in value added, each product is uniquely linked to a specific industry, soG also
represents the number of industries.

2 Once richer firm-level information becomes available, this measurement framework can be adapted,
see e.g. the OECD’s analytical Activities of Multi-National Enterprises (AMNE) database.
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industries as well as other domestic industries that contribute through the provision

of intermediate inputs. Summing across all industries yields the total domestic

value added in a country’s exports, known as VAX-D (Los and Timmer, 2018).

Timmer et al. (2019) expanded on this method to incorporate tasks in the

composition of exports.3 Consider a matrix B with dimensions O × G, where

O represents the number of distinct occupations. Each element bog of this matrix

signifies the income of workers with occupation owithin industry g, expressed as

a proportion of the labor income in g. In addition, define the matrix E as a G ×

Gmatrix with diagonal elements egg, representing the exports for industry g, and

zeros elsewhere (put simply, the matrix E has e on the main diagonal). Then:

Z ¼ BV I� ADð Þ�1E: ðA:3Þ

The matrix Z, with dimensions O × G, contains elements denoted as zog. Each

element zog represents the value added by an occupation-industry pair in

a country’s exports.4 That is, each element zog represents an task j (see also

the Box in Section 2), and in what follows zog = zj. Note that the calculations are

country- and time-specific. Put otherwise, B, V, AD, and E in (A.3) vary across

countries as well as over time. Hence, for each country and year we estimate

a matrix Z with the typical element zjct, the value added of a traded task.

B. Data

Analyzing trade through the lens of tasks instead of products or industries

presents data challenges. In this subsection, we discuss how these challenges

are addressed by integrating two primary data sets: trade in value added and

worker data.

As discussed in the previous subsection, we estimate the variable zjct, repre-

senting the value added by task type j of country c’s exports at time t. This

variable is tracked by the labor income of workers engaged in task j within the

production chains of country c’s exports. The first data set provides information

on workers’ labor income categorized by occupational group and industry.

3 This method is frequently employed in studies of the factor content of trade, inspired by
Leontief’s work in 1953. A similar approach can be seen in the study by Wolff (2003), which
analyzed the evolving composition of worker occupations in US exports. While labor content is
often quantified in terms of worker numbers, our focus here is on tracking the value added by
workers, measured through their labor income.

4 For completeness, capital income, which is the remainder when labor income is subtracted from
industry gross value added, is either excluded or proportionally allocated to the labor incomes.
Timmer et al. (2014) demonstrate that capital income constitutes approximately 35 percent of the
value of manufactured goods, showing a rising trend from 1995 to 2011. Future work should use
the occupational composition of workers and an allocation of capital to these workers. This
approach is explored by the Bureau of Economic Analysis in the United States, and by Casal and
Caunedo (2024).
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The second data set contains data on value-added exports by industry, encom-

passing value added in both the exporting industry and other domestic industries

contributing upstream in the production chain through input delivery. The zjct
values are calculated for each country and year bymerging these two data sets at

the country-industry level.

A critical aspect of data construction is ensuring that occupations and indus-

tries are consistently defined and measured across countries and over time. This

data is compiled for fifty-two economies, ranging from low-income per capita

to high-income per capita.5

Dataset on Worker Tasks

We take a pragmatic approach that is inspired by studies of offshoring behavior

of multinationals and allows for quantification across a large set of countries

with available data sources. Worker tasks are delineated based on their occupa-

tional group and the industry they are employed in. A total of 455 distinct tasks

are identified across 13 occupational groups within each of 35 industries. This

data is sourced from the Occupations Database (OD), initially introduced in

Reijnders and de Vries (2018), and expanded to include a selection of lower-

income Asian countries by Gentile and de Vries (2024) and sub-Saharan

countries by Kruse et al. (2024).

The database includes the workforce count per occupation-industry pairing,

alongside their corresponding labor earnings. National data for each country has

been standardized through the alignment of national occupation classifications

with an international framework of thirteen occupational groups, delineated by

two-digit codes in the ISCO88 (International Standard Classification of

Occupations).6 Though some countries utilize ISCO in their administrative

records, others adhere to their own classification systems, necessitating the

development of bridge tables for consistent coding.

Additionally, national industry classifications have been mapped to

a standardized set of 35 industries encompassing the total economy. These

5 In some applications, the list of economies is divided into advanced and developing categories.
Advanced Economies: Australia, Austria, Belgium, Canada, Denmark, Finland, France,
Germany, Greece, Ireland, Italy, Japan, Luxembourg, the Netherlands, Norway, Portugal,
Republic of Korea, Spain, Sweden, Taiwan, the United Kingdom, the United States.
Developing Economies: Bangladesh, Brazil, Bulgaria, Cambodia, China, Cyprus, Czechia,
Estonia, Fiji, Hungary, India, Indonesia, Kyrgyzstan, Latvia, Lithuania, Malta, Mexico,
Mongolia, Nepal, Pakistan, the Philippines, Poland, Romania, Russian Federation, Slovak
Republic, Slovenia, Sri Lanka, Thailand, Türkiye, Vietnam.

6 The thirteen occupational groupings include legislators, managers, engineering professionals,
health professionals, teaching professionals, other professionals, clerical support workers, per-
sonal service workers, sales workers, craft workers and machine operators, agricultural workers,
other roles (including armed forces), and drivers.
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industries primarily adhere to 2-digit classifications in the ISIC (International

Standard Industrial Classification) revision 3.1. These include agriculture,

mining, construction, utilities, fourteen manufacturing industries, telecom,

finance, business services, personal services, eight trade and transport services

industries and three public services industries. These industries are chosen so

that they coincide with those distinguished in the input-output tables.

Input-Output Data

Determining the exported tasks requires information on the value added of

a country’s exports. The composition of value added in export industries is

determined following the methodologies outlined in Hummels et al. (2001) and

Koopman et al. (2012). This extends beyond the value added solely within the

exporting industry, encompassing value added throughout the production chain

from other domestic industries supplying intermediates.

The approach relies on input-output tables, which contain data on inter-

industry transactions. For this Element, the tables are drawn from the

Multiregional Input–Output table (MRIO) Database of the Asian

Development Bank, accessible for the year 2000 and annually from 2007

onward. The industry classifications utilized in these tables have been harmon-

ized and aligned with a standardized set of thirty-five industries, mirroring those

defined in the tasks dataset.

C. Additional Remarks on Trade in Tasks

Section 2.4 in this Element provides clarifying remarks concerning the defin-

ition and measurement of trade in tasks. This appendix provides additional

remarks organized by remarks on the data and methodology.

Remarks on the Data

It is difficult to define a set of tasks that are interconnected, and determine the

boundaries between tasks that are distinct. This is a complex issue both con-

ceptually and empirically, particularly since these boundaries can evolve over

time due to technological advancements, as noted by Baldwin (2016).

A common distinction made is between production and non-production (sup-

porting) tasks. While it might seem straightforward to associate value added

from manufacturing industries with production tasks and value added from

services industries with supporting tasks, the relationship is not one-to-one as

discussed in Section 2.

Our dataset stands out from other large-scale databases on structural change,

which typically focus on a single dimension, either industry (such as

64 Appendix

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


agriculture, manufacturing, services) or, more recently, occupational class. The

Jobs of the World Project is a notable example of the latter, compiling

a comprehensive dataset based on internationally harmonized labor force stat-

istics. Bandiera et al. (2022) use this data to illustrate how the occupational

structure of economies varies across countries and over time.

National occupation classifications are mapped to a unified system consisting of

thirteen different occupations. The main challenge in creating a common occupa-

tional classification for many countries is that national classifications are not

always based on the same principles. For instance, the International Standard

Classification of Occupations (ISCO) categorizes workers first by skill level and

then by area of specialization. In contrast, classifications like those in China and

Brazil focus more on the area of expertise and less on skill level. As a result, it is

often difficult to distinguish between professionals and associate professionals with

similar expertise, craft workers and machine operators, and workers in elementary

occupations andmore skilled workers in the same field. For example, the Brazilian

classification does not differentiate between informal salesmen and store sales-

persons. These constraints have influenced our choice of thirteen occupations,

allowing us to include as much detail as possible while minimizing classification

errors. Our classification aligns most closely with ISCO 88 at the two-digit (and

occasionally three-digit) codes. For example, the occupation “Managers” corres-

ponds to ISCO 88 codes 12 and 13, and “Clerical workers” to codes 41 and 42.

Where possible, we have used crosswalks from national classifications to ISCO 88,

as provided by statistical offices, to guide our mapping.

Although it does not receive much attention in this Element, the value added

from downstream tasks includes the distributive trade sector (retailing and

wholesaling) and is commonly referred to as a “margin.” This margin represents

the value of goods sold minus their acquisition cost (Ahmad, 2019). To quantify

the value added in the downstream task, Buckley et al. (2022) utilize the margin-

to-sales ratio for each final manufacturing good. They calculate the domestic

margin by subtracting the price received by the producer from the price paid by

the consumer, under the assumption that most products finalized in a country are

consumed domestically.

Another caveat is that the study of Koopman et al. (2012) led to a general

recognition of the importance to account for heterogeneity in import use across

different types of firms, in particular those located in export processing zones

that typically use more imported inputs. Using detailed data on imports and

exports of Mexican firms, de Gortari (2017) finds that import intensities of

output can also vary across destination markets. A comprehensive analysis and

ways forward are provided in the OECD’s handbook on extended supply and

use tables and extended input-output tables (OECD forthcoming).
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This Element analyzed the specialization of countries in trade based on the task

incomes derived from their exports. With appropriate data, similar analyses could

be extended to subnational regions, providing a more detailed understanding of

economic specialization within countries. However, large-scale cross-country ana-

lysis remains challenging due to the limited availability of regional input-output

tables and matching occupation statistics that are cross-classified by industry and

region. To advance this field, there is a need for comprehensive data development

efforts. This includes the creation of detailed regional input-output tables and the

collection of occupation statistics that can be accurately cross-referenced with

industry and regional data as in Hernández-Rodriguez et al. (2025). Such advance-

ments would enable more granular analyses, shedding light on the economic

dynamics at regional levels and facilitating better-informed policy decisions. As

data availability improves, we can expect to gain deeper insights into the structural

changes and specialization patterns within and across countries.

Can we expect task specialization measures to become a standard tool for

economists in the near future? Ongoing efforts within the international statistical

community aim to enhance the data sources underlying trade-in-value-added

statistics and to institutionalize their production in regular statistical programs. In

the short term, this involves integrating existing firm-level production data with

firm characteristics such as size, ownership, and export status. In the longer term, it

would require the development of common business registers across countries,

improved data reconciliation, and new data collections on value chains beyond

counterparty transactions (Landefeld, 2015). A promising development in this area

is the creation of firm-level surveys that track the offshoring of business tasks in

Europe (Nielsen, 2018). These initiatives are steps in the right direction, but it is

important to note that this field is still in its early stages. Overall, we believe that

combining insights from standard product-level trade statistics with those from

composite measures of value added and task specialization in trade, as presented in

this Element, can meaningfully enhance our understanding of trade, structural

change and economic development.

Remarks on the Methodology

Our approach to measuring the task content of exports closely aligns with the

method introduced by Hummels et al. (2001), which tracks the import content of

exports. Koopman et al. (2012) further refined this by defining domestic value

added in exports, demonstrating that it equals gross exports minus the import

content of exports. We adopt the value-added terminology for its clearer

connection to other trade measures (Johnson, 2018; Los and Timmer, 2018).
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Production processes can be fragmented in various ways, often described as

“snakes” and “spiders” (Baldwin and Venables, 2013). “Snakes” represent

a sequential process where intermediate goods move from country A to B, then

from B to C, and so on, until the final product is completed. In contrast, “spiders”

involve multiple parts converging from different locations to a single site for

assembly into a new component or final product. Most production processes are

complex hybrids of these two models. For simplicity, we refer to all fragmented

production processes as “chains,” despite the term’s snake-like implication. The

input-output approach adopted in this Element encompasses both snakes and

spiders.

Despite our use of multiregional input-output tables, various measure of

domestic value-added exports used in this Element require only national input-

output tables (Los et al., 2016). In contrast, to analyze the composition of global

value chains and to understand forward linkages, such as export destinations,

the international input-output linkages are necessary. Johnson and Noguera

(2012) introduced the concept of “value-added exports,” which refers to the

value added in a country that is consumed abroad. This measure aligns with

international trade models expressed in value-added terms (Johnson, 2014) and

requires international input-output tables to track the origin and destination of

trade flows. While this measure is similar to “domestic value added in exports”

when analyzing a country’s overall exports, it differs for bilateral trade flows.

For a detailed discussion, see Los and Timmer (2018).

Following Baldwin and Robert-Nicoud (2014), we assume throughout this

Element that tasks within a production process are perfect complements. This

means that producing a final product requires a fixed amount of each task, and it

is not possible to compensate for a shortage in one task by increasing another.

For instance, a car needs exactly four wheels to function; it cannot operate with

three wheels and an extra hood.

The methodology we adopt in this Element is essentially an ex post account-

ing framework rather than a fully specified economic model. It traces the value

added of tasks without explicitly modeling the interaction of prices and quan-

tities, which are central to a comprehensive Computable General Equilibrium

(CGE) model (see Levchenko and Zhang, 2012). While CGE models offer

richer behavioral relationship modeling, they also require econometric estima-

tion of various key parameters of production and demand functions.

Since our goal is not to disentangle price and quantity effects, we rely on

a reduced form model where only input cost shares are known. We use annual

input-output (IO) tables, allowing cost shares in production to change over time.

This approach does not depend on fixed cost shares as in Leontief or Cobb-

Douglas production functions. Instead, the changing shares align with a translog
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production function, which provides a second-order approximation to any

functional form. In these production models, shifting cost shares summarize

the combined effects of changes in relative input prices, cross-elasticities, and

input-biased technical change (Christensen et al., 1971). This feature makes the

model particularly suitable for our ex post analysis.

D. Defining Path Defiance

For a particular country, the cumulative distribution function (CDF) of proxim-

ity for new task specializations is compared with a hypothetical random CDF of

proximity for all possible new specializations (i.e., the set TSt’). Subsequently,

stochastic dominance of the former over the latter distribution is tested to

determine whether a country is path-defying.

To derive the distributions, we define Ict; as the set of tasks in which the

country is initially specialized, more formally:

Ict ≡ j ¼ 1; . . . ;M jTSc; j;t > 1
� �

; ðD:1Þ

withM the total number of all tasks.7 The so-called option set O is the comple-

ment of set I. It includes all tasks in which a country does not have

a specialization yet, but might develop one:8

Oct ≡ j ¼ 1; . . . ;M jTSc; j;t ≤ 1
� �

: ðD:2Þ

Next, define new entries Nct as tasks in which a country actually acquires a new

comparative advantage during [t, t + 1] :

Nct ≡ j ¼ 1; . . . ;M jTSc; j;tþ1 > 1 and TSc; j;t ≤ 1
� �

; ðD:3Þ

such that Nct is a subset of Oct.

For each entry (n 2 Nct), we define the set D containing the proximity

of n with all tasks belonging to the initial specialization as

Dnct ¼ f’n;1;t;’n;2;t; . . . ;’n;jIctj;tg with ’ as defined in equation (5) and jIctj
the number of elements in set Ict. The highest proximity of the entry n with any

task in the initial specialization is dn;c;t ≡max Dn;c;tg
�

.

A key variable of interest is the share of so-called path-defying entries. We

classify for each country-year the entry as path-defying if the proximity to the

initial export basket is lower than the mean proximity of the tasks in the option set,

μct ≡
1

jOctj
X

r2Oc;t
dr;c;t. The share of path-defying entries in the set of entries

(PDShare) during [t, t+1] is thus given by:

7 Bold uppercase letters are used for sets.
8 Note that the option set differs across countries as it is the complement of the set of tasks in which
a country’s is initially specialized.
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PDShare ¼
X

j2Nct
1

� �� ASj;c;tþ1 > 1 and ASj;c;t ≤ 1
� �

and fdj;c;t < μc;tgg
jNctj

ðD:4Þ

In addition, we can define a time-country specific empirical CDF of proximity

for entries as:

FN
ct dð Þ≡ 1

jNctj
X

n2Nct
1 dn;c;t ≤ d
� � ðD:5Þ

The hypothetical distribution of proximity is based on all tasks that belong to the

country’s option set (Oct) rather than only the actual entries:

FO
ct dð Þ≡ 1

jOctj
X

r2Oct
1 dr;c;t ≤ d
� � ðD:6Þ

When the CDF of proximity of the actual entries, FN(d), is equal or larger than

the hypothetical CDF, FO(d), for all d 2 [0,1] a country is denoted as path-

defying. The null hypothesis of path defiance is tested in two-sample one-

sided Kolmogorov–Smirnov tests for first order stochastic dominance of the

distribution of (D.5) over the distribution of (D.6). The intuition of this test is

based on the insight that at any point in time a country has a large number of

tasks in its option set for which it has not (yet) developed a comparative

advantage. These potential new entries differ in proximity to the initial

specialization basket. Path defiance is rejected when new specializations are

significantly more concentrated at higher levels of proximity.

E. Appendix Tables and Figures

Appendix Table E.1 Test of path defiance in task export specialization

Economy

Number of
new task
specializations

Number of path-
defying new task
specializations

Share of path-
defying new
task
specializations

P-value
Kolmogorov-
Smirnov test

China 109 57 52.3 0.685

Taiwan 247 128 51.8 0.278

Ireland 205 104 50.7 0.785

United States 210 104 49.5 0.687

Denmark 342 158 46.2 0.120

Bangladesh 371 170 45.8 0.051
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Appendix Table E.1 (cont.)

Economy

Number of
new task
specializations

Number of path-
defying new task
specializations

Share of path-
defying new
task
specializations

P-value
Kolmogorov-
Smirnov test

Malta 299 137 45.8 0.423

Netherlands 390 173 44.4 0.010

Mongolia 298 126 42.3 0.000

Italy 339 143 42.2 0.061

Philippines 244 102 41.8 0.000

Sri Lanka 223 93 41.7 0.001

Canada 210 86 41.0 0.005

Vietnam 176 72 40.9 0.014

Thailand 260 104 40.0 0.000

Bulgaria 299 119 39.8 0.000

Türkiye 289 113 39.1 0.000

Brazil 219 83 37.9 0.000

Greece 283 106 37.5 0.000

Belgium 360 134 37.2 0.035

Pakistan 164 58 35.4 0.000

Australia 210 74 35.2 0.000

Mexico 222 78 35.1 0.000

Portugal 357 125 35.0 0.000

Sweden 294 102 34.7 0.000

United
Kingdom

293 98 33.4 0.000

Spain 316 104 32.9 0.000

Germany 205 67 32.7 0.000

Cyprus 179 58 32.4 0.000

Luxembourg 198 64 32.3 0.000

Fiji 250 80 32.0 0.000

Austria 375 117 31.2 0.000

India 169 52 30.8 0.000

Romania 254 78 30.7 0.000

Slovak Republic 290 89 30.7 0.000

Poland 278 84 30.2 0.000

Korea, Rep. 192 58 30.2 0.000

Indonesia 233 70 30.0 0.000

Kyrgyzstan 212 62 29.2 0.000

Latvia 384 108 28.1 0.000

Slovenia 350 98 28.0 0.000

Japan 77 21 27.3 0.001
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Appendix Table E.1 (cont.)

Economy

Number of
new task
specializations

Number of path-
defying new task
specializations

Share of path-
defying new
task
specializations

P-value
Kolmogorov-
Smirnov test

Lithuania 308 83 26.9 0.000

Cambodia 117 31 26.5 0.000

Norway 219 58 26.5 0.000

Hungary 260 67 25.8 0.000

Estonia 275 67 24.4 0.000

Nepal 165 40 24.2 0.000

France 323 75 23.2 0.000

Finland 225 46 20.4 0.000

Russian
Federation

151 30 19.9 0.000

Czech Republic 224 44 19.6 0.000

Notes: First column shows the total number of new specializations across the eight
overlapping periods in the data. Second column shows the total number of path-defying
new specialization across the periods, where we use the baseline definition for path-
defying as those that have a proximity to the initial export basket which is lower than the
mean proximity of the tasks in the option set. Third column is second column divided by
first. Fourth column shows the P-value from a two-sample one-sided Kolmogorov-
Smirnov test whether the cumulative distribution of the option set proximities
stochastically dominates that of the actual data. Sorting by share of path-defying new
task specializations from high to low. Reproduced from Kruse et al. (2023b), licensed
under CC BY 3.0 IGO.
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Appendix Table E.2 Cross-country growth regressions with path-defying specialization

Definition of path-defying

Independent.

variables

Option 1,

(1)

Option 1,

(2)

Option 2,

(3)

Option 2,

(4)

Option 3,

(5)

Option 3,

(6)

ln path def share [t, t+5] 0.596
(0.228)***

1.212
(1.804)

1.999
(0.519)***

5.671
(5.696)

1.554
(0.453)***

1.814
(4.211)

ln path def share [t, t+5] x ln
GDP per capita [t]

- −0.073
(0.181)

- −0.400
(0.563)

- −0.053
(0.426)

ln GDP per capita [t] - −1.053
(0.662)

- 0.508
(2.382)

- −1.044
(1.511)

ln total number of new entries −0.872
(0.199)***

−0.789
(0.206)***

−0.809
(0.191)***

−0.750
(0.194)***

−0.870
(0.193)***

−0.800
(0.198)***

ln Population [t] 0.420
(0.077)***

0.321
(0.077)***

0.400
(0.077)***

0.308
(0.078)***

0.400
(0.077)***

0.308
(0.078)***

Resource Rents / GDP [t] 0.109
(0.018)***

0.097
(0.016)***

0.118
(0.018)***

0.107
(0.017)***

0.115
(0.018)***

0.104
(0.017)***

Human Capital [t] −0.557
(0.198)**

0.098
(0.278)

−0.512
(0.197)**

0.110
(0.283)

−0.491
(0.198)**

0.135
(0.279)

Financial Development [t] −8.287 −5.565 −7.933 −5.439 −8.050 −5.473
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(0.734)*** (0.972)*** (0.709)*** (0.934)*** (0.722)*** (0.958)***
Political Stability [t] 0.050

(0.199)
0.080
(0.191)

0.078
(0.193)

0.069
(0.191)

−0.039
(0.199)

−0.014
(0.195)

Rule of Law [t] 0.933
(0.245)***

1.048
(0.231)***

0.872
(0.234)***

0.990
(0.222)***

0.861
(0.238)***

0.976
(0.225)***

ln Trade Openness [t] 0.362
(0.210)*

0.531
(0.203)***

0.425
(0.210)**

0.583
(0.201)***

0.417
(0.210)*

0.582
(0.201)***

AME of PD share - 0.494
(0.230)**

- 1.710
(0.553)***

- 1.288
(0.472)***

Period FE Yes Yes Yes Yes Yes Yes
Observations 405 405 408 408 408 408
Economies 51 51 51 51 51 51
Adj-R2 0.528 0.554 0.540 0.563 0.537 0.560

Notes: Regressions on GDP per capita growth rate across the eight overlapping periods using period fixed effects. Dep variable: average GDP per capita
growth rate [t, t+5]. Path-defying entries in columns (1) and (2) are defined as entries with a lower proximity to a country’s initial export basket than the
average proximity in its option set (option 1). Path-defying entries in columns (3) and (4) have proximity lower than the average proximity value plus one
standard deviation (option 2) and in columns (5) and (6) the average percentile of the random hypothetical distribution of proximity (derived from the option
set) is used (option 3). AME of PD share is the average marginal effect of PD share on GDP per capita growth. Taiwan is not included in the analysis due to
missing observations for several control variables. Robust standard errors are reported in parentheses. * p<0.10, ** p<0.05, *** p<0.01. Reproduced from
Kruse et al. (2023b), licensed under CC BY 3.0 IGO.
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Appendix Table E.3 Additional variables description and sources for
cross-country growth regressions

Short name Full description Source

GDP per capita Rgdpna/pop; levels in logs;
average growth rate in
percentages

PWT 10 (Feenstra et al.,
2015)

Human capital Index measure [1, 4];
SD = 0.56; as 5-year
change variable [−0.02,
0.15] & SD = 0.02

PWT 10 (Feenstra et al.,
2015)

Financial
development

Index measure [0, 1] (no
observations for Chinese
Taipei); SD = 0.25; as
5-year change variable
[−0.04, 0.04] &
SD = 0.01

IMF

Terms of trade Net barter terms of trade
index; in regressions only
used as “forward-
looking” 5-year average
annual growth rate;
[−0.1, 0.1] & SD = 0.20

World Bank World
Development Indicators

Political stability WGI “Political stability and
absence of violence/
terrorism” indicator
[−3, 2]; SD = 0.92; as
5-year change variable
[−0.25, 0.25] & SD =
0.06

World Bank World
Development Indicators;
Kaufmann, Kraay, and
Mastruzzi (2011)

Rule of law WGI “Rule of law”
indicator [−1.4, 2.1]; SD
= 0.97; as 5-year change
variable [−0.13, 0.12] &
SD = 0.03

World Bank World
Development Indicators;
Kaufmann, Kraay, and
Mastruzzi (2011)

Economic
complexity

Index measure of
a country’s export
sophistication [−1.5, 3];
SD = 0.85; as 5-year
change variable [−0.14,
0.10] & SD = 0.03

Harvard Growth Lab;
Hausmann et al. (2014)
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Appendix Table E.3 (cont.)

Short name Full description Source

Resource rents /
GDP

Total natural resources rents
(of GDP) including oil,
gas, coal, mineral, and
forest [0, 42.3] (no
observations for Chinese
Taipei) & SD = 6.38

World Bank World
Development Indicators

REER Real effective exchange
rate, “broad annual
index” considering 172
trading partners; in
regressions only used as
“forward-looking”
5-year average annual
growth rate; [0.06,
0.09] & SD = 0.02

Bruegel; Darvas (2012, data
update 2021)

Trade openness (Exports + Imports) / GDP,
all in current PPPs [0.04,
4.56]; SD = 0.69; as
5-year change variable
[−0.17, 0.25] & SD =
0.04.

PWT 10 (Feenstra et al.
2015)

Reproduced from Kruse et al. (2023b), licensed under CC BY 3.0 IGO.

75Appendix

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


References

Acemoglu, D., & Autor, D. H. (2011). Skills, tasks and technologies:

Implications for employment and earnings. In Ashenfelter, O., &

Card, D. E. (Eds.), Handbook of Labor Economics, vol. 4. Amsterdam:

Elsevier, pp. 1043–1171.

Acemoglu, D., & Restrepo, P. (2019). Automation and new tasks: How tech-

nology displaces and reinstates labor. Journal of Economic Perspectives,

33(2): 3–30.

Ahmad, N. (2019). Improving the accounting frameworks for analyses of global

value chains. Global Value Chain Development Report, 155–177.

Ahsan, R. N., & Mitra, D. (2017). Can the whole actually be greater than the

sum of its parts? Lessons from India’s growing economy and its evolving

structure. In McMillan, M., Rodrik, D., & Sepulveda, C. (Eds.), Structural

Change, Fundamentals, and Growth: A Framework and Country Studies,

Washington, D.C.: IFPRI, pp. 39–79.

Alessandria, G., Kaboski, J. P., & Midrigan, V. (2010). The great trade collapse

of 2008–09: An inventory adjustment? IMF Economic Review, 58(2):

254–294.

Alessandria, G. A., Johnson, R. C., & Yi, K.-M. (2021). Perspectives on Trade

and Structural Transformation. NBERWorking Paper 28720.

Ali-Yrkkö, J., Rouvinen, P., Seppälä, T., & Ylä-Anttila, P. (2011). Who captures

value in global supply chains? Case Nokia N95 Smartphone. Journal of

Industry, Competition and Trade, 11: 263–278.

Antràs, P., A de Gortari (2017). On the Geography of Global Value Chains.

Working Paper Series No. 23456. National Bureau of Economic Research.

Antràs, P. (2020). Conceptual aspects of global value chains. World Bank

Economic Review, 34(3): 551–574.

Antrás, P., & Chor, D. (2022). Global value chains. Handbook of International

Economics, 5, 297–376.

Autor, D. H., & Handel, M. J. (2013). Putting tasks to the test: Human capital,

job tasks, and wages. Journal of Labor Economics, 31(S1): S59–S96.

Autor, D., Dorn, D., Katz, L. F., Patterson, C., & Van Reenen, J. (2020). The fall

of the labor share and the rise of superstar firms. The Quarterly Journal of

Economics, 135(2): 645–709.

Autor, D., Murnane, R. J., & Levy, F. (2003). The skill content of recent

technological change: An empirical exploration. Quarterly Journal of

Economics, 118(4): 1279–1334.

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Baccini, L., Fiorini, M., Hoekman, B., & Sanfilippo, M. (2023). Services, jobs,

and economic development in Africa. The World Bank Research Observer,

38(1): 147–178. https://doi.org/10.1093/wbro/lkac006.

Bahar, D., Rosenow, S., Stein, E., & Wagner, R. (2019). Export take-offs and

acceleration: Unpacking cross-sector linkages in the evolution of compara-

tive advantage. World Development, 117: 48–60.

Baier, S. L., Yotov, Y. V., & Zylkin, T. (2019). On the widely differing effects of

free trade agreements: Lessons from twenty years of trade integration.

Journal of International Economics, 116: 206–226.

Baier, S. L., & Regmi, N. R. (2023). Using machine learning to capture

heterogeneity in trade agreements.Open Economies Review, 34(4): 863–894.

Balassa, B. (1965). Trade liberalisation and “revealed” comparative advantage.

The Manchester School, 33: 99–123.

Baldwin, R. (2022). The peak globalisation myth: Part 4–Services trade did not

peak. VoxEU, 3 September.

Baldwin, R. (2023). Supply chain disruptions: Shocks, links, and hidden expos-

ure. VoxEU, 29 November.

Baldwin, R. E. (2016). The Great Convergence: Information Technology and

the New Globalization. Cambridge, MA: Harvard University Press.

Baldwin, R. E., & Robert-Nicoud, F. (2014). Trade-in-goods and trade-in-tasks:

An integrating framework. Journal of International Economics, 92: 51–62.

Baldwin, R., & Forslid, R. (2019). WIDERWorking Paper 2019/94–Globotics

and development: When manufacturing is jobless and services are tradable.

Baldwin, R., & Venables, A. J. (2013). Spiders and snakes: Offshoring and

agglomeration in the global economy. Journal of International Economics,

90(2): 245–254.

Bandiera, O., Elsayed, A., Heil, A., & Smurra, A. (2022). Economic develop-

ment and the organisation of labour: Evidence from the jobs of the world

project. Journal of the European Economic Association, 20(60): 2226–2270.

Barbour, E., & Markusen, A. (2007). Regional occupational and industrial

structure: Does one imply the other? International Regional Science

Review, 30: 72–90.

Barrientos, S., Knorringa, P., Evers, B., Visser, M., & Opondo, M. (2016).

Shifting regional dynamics of global value chains: Implications for economic

and social upgrading in African horticulture. Environment and Planning A:

Economy and Space, 48(7): 1266–1283.

Bems, R., Johnson, R. C., & Yi, K.-M. (2013). The great trade collapse. Annual

Review of Economics, 5(1): 375–400.

Bernard, A. B., & Fort. T. C. (2015). Factoryless goods producing firms.

American Economic Review, 105: 518–523.

77References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://doi.org/10.1093/wbro/lkac006
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Beverelli, C., Fiorini, M., & Hoekman, B. (2017). Services trade policy and

manufacturing productivity: The role of institutions. Journal of International

Economics, 104: 166–182.

Beverelli, C., Keck, A., Larch, M., &Yotov, Y. V. (2024). Institutions, trade, and

development: identifying the impact of country-specific characteristics on

international trade. Oxford Economic Papers, 76(2): 469–494.

Bohn, T., Brakman, S., & Dietzenbacher, E. (2021). From exports to value

added to income: Accounting for bilateral income transfers. Journal of

International Economics, 131, 103496.

Boschma, R. (2021). The geographical dimension. New perspectives on struc-

tural change: Causes and consequences of structural change in the global

economy, 172.

Boudreau, L., Cajal-Grossi, J., &Macchiavello, R. 2023. Global value chains in

developing countries: A relational perspective from coffee and garments.

Journal of Economic Perspectives, 37(3): 59–86.

Bown, C. P. (2018). Trade policy toward supply chains after the great recession.

IMF Economic Review, 66: 602–616.

Buckley, P. J. (2018). Towards a theoretically-based global foreign direct

investment policy regime. Journal of International Business Policy, 1(3):

184–207.

Buckley, P. J., Strange, R., Timmer, M. P., & de Vries, G. J. (2020). Catching-up

in the global factory: Analysis and policy implications. Journal of

International Business Policy, 3: 79–106.

Buckley, P. J., Strange, R., Timmer, M. P., & de Vries, G. J. (2022). Rent

appropriation in global value chains: The past, present, and future of intan-

gible assets. Global Strategy Journal, 12(4): 679–696.

Casal, L., & Caunedo, J. (2024). On the Investment Network and Development.

Mimeo Cornell University.

Caunedo, J., Keller, E., & Shin, Y. (2023). Technology and the task content of

jobs across the development spectrum. The World Bank Economic Review,

37(3): 479–493.

Caunedo, J., Keller, E., & Shin, Y. (2023). Technology and the task content of

jobs across the development spectrum. The World Bank Economic Review,

37(3): 479–493.

Caunedo, J., Keller, E., & Shin, Y. (2023). Technology and the task content of

jobs across the development spectrum. The World Bank Economic Review,

37(3): 479–493.

Chen,W., Los, B., & Timmer, M. (2021). Factor incomes in global value chains:

The role of intangibles. In Corrado, C., Haskel, J., Miranda, J., & Sichel, D.

78 References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


(Eds.), Measuring and Accounting for Innovation in the Twenty-First

Century, Chicago: University of Chicago Press, pp. 373–401.

Chenery, H. B., Robinson, S., & Syrquin, M. (1986). Industrialization and

Growth: A Comparative Study. Washington, DC: The World Bank.

Chor, D., Manova, K., & Yu, Z. (2021). Growing like China: Firm performance

and global production line position. Journal of International Economics,

130: 103445.

Christensen, L. R., Jorgenson, D.W., & Lau, L. J. (1971). Conjugate duality and

the transcendental logarithmic function. I, 39(4): 225–256.

Cirera, X., Comin, D., & Cruz, M. (2023). TECHnological Factor Productivity,

mimeo, July 2, 2023.

Clark, C. (1940). The Conditions of Economic Progress. NewYork: Macmillan.

Coe, N. M., Yeung, H. (2015). Global Production Networks: Theorizing

Economic Development in an Interconnected World. Oxford: Oxford

University Press.

Coniglio, N., Vurchio, D., Cantore, N., & Clara, M. (2021). On the evolution of

comparative advantage: Path dependent versus path defying changes. Journal

of International Economics, 133: 103522.

Constantinescu, C., Mattoo, A., & Ruta, M. (2019). Does vertical specialisation

increase productivity? The World Economy, 42(8): 2385–2402.

Corrado, C., Hulten, C., & Sichel, D. (2005). Measuring capital and technology:

An expanded framework. In Corrado, C., Haltiwanger, J., Sichel, D. (eds.),

Measuring Capital in the New Economy. Chicago: University of Chicago

Press, pp. 11–46.

Crouzet, N., & Eberly, J. C. (2019). Understanding weak capital investment:

The role of market concentration and intangibles (No. w25869). National

Bureau of Economic Research.

Daruich, D., Easterly, W., & Reshef, A. (2019). The surprising instability

of export specializations. Journal of Development Economics, 137:

36–65.

Darvas, Z. (2012). Real effective exchange rates for 178 countries: A new

database. Working Paper. Department of Mathematical Economics and

Economic Analysis, Corvinus University of Budapest, Budapest.

De Ferranti, D., Perry, G. E., Lederman, D., & Maloney, W. E. (2002). From

natural resources to the knowledge economy: Trade and job quality. World

Bank Publications-Books.

de Vries, G., Timmer, M., & De Vries, K. (2015). Structural transformation in

Africa: Static gains, dynamic losses. The Journal of Development Studies,

51(6), 674–688.

79References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Dedrick, J., Kraemer, K. L., & Linden, G. (2010). Who profits from innovation

in global value chains? A study of the iPod and notebook PCs. Industrial and

Corporate Change, 19: 81–116.

Defever, F. (2012). The spatial organization of multinational firms. Canadian

Journal of Economics, 45: 672–697.

Diao, X., & McMillan, M. (2018). Toward an understanding of economic

growth in Africa: A reinterpretation of the Lewis model. World

Development, 109: 511–522.

Diao, X., Ellis, M., McMillan, M. S., & Rodrik, D. (2021). Africa’s

Manufacturing Puzzle: Evidence from Tanzanian and Ethiopian Firms.

NBERWorking Paper No. 28344. National Bureau of Economic Research.

Cambridge, MA, USA.

Diodato, D., Hausmann, R., & Schetter, U. (2022). A simple theory of economic

development at the extensive industry margin. HKS Faculty Research

Working Paper Series RWP22-016.

Dietzenbacher, E., & Tukker, A. (2013), Global multi-regional input-output

frameworks: An introduction and outlook. Economic Systems Research, 25:

1–19.

Donaldson, D. (2018). Railroads of the Raj: Estimating the impact of transpor-

tation infrastructure. American Economic Review, 108(4–5): 899–934.

Duernecker, G., & Herrendorf, B. (2022). Structural transformation of occupa-

tion employment. Economica, 356(89): 789–814.

Durand, C., & Milberg, W. (2020). Intellectual monopoly in global value

chains. Review of International Political Economy, 27(2): 404–429.

Duranton, G., & Puga, D. (2005), From sectoral to functional urban

specialization. Journal of Urban Economics, 57: 343–370.

Fan, T., Peters, M., & Zilibotti, F. (2023). Growing like India – the unequal

effects of service-led growth. Econometrica, 91(4): 1457–1494.

Feenstra, R. C. (1998). Integration of trade and disintegration of production in

the global economy. Journal of Economic Perspectives, 12: 31–50.

Feenstra, R. C., & Hanson, G. H. (1999). The impact of outsourcing and high-

technology capital on wages: estimates for the United States, 1979–1990. The

Quarterly Journal of Economics, 114(3): 907–940.

Feenstra, R. C., Inklaar, R. C., & Timmer, M. P. (2015). The next generation of

the Penn world table. American Economic Review, 105: 3150–3182.

Felipe, J., Aashish M., & Changyong R. (2014). Manufacturing Matters. . .

But It’s the Jobs That Count. ADB Economics Working Paper Series,

no. 420.

Felipe, J., Mehta, A., & Rhee, C. (2019). Manufacturing matters . . . but it’s the

jobs that count. Cambridge Journal of Economics, 43(1): 139–168.

80 References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Fetzer, T., Lambert, P. J., Feld, B., & Garg, P. (2024). AI-Generated Production

Networks: Measurement and Applications to Global Trade (No. 11497).

CESifo.

Fieler, A. C., Eslava, M., & Xu, D. Y. (2018). Trade, quality upgrading, and

input linkages: Theory and evidence from Colombia. American Economic

Review, 108(1): 109–146.

Fisher, A. G. B. (1939). Primary, secondary and tertiary production. Economic

Record, 15(28): 24–38.

Francois, J., & Hoekman, B. (2010). Services trade and policy. Journal of

Economic Literature, 48(3): 642–692.

French, S. (2017). Revealed comparative advantage: What is it good for?

Journal of International Economics, 106: 83–103.

Fukao, K., Ishido, H., & Ito, K. (2003). Vertical intra-industry trade and foreign

direct investment in East Asia. Journal of the Japanese and International

Economies, 17(4): 468–506.

Gentile, E., & de Vries, G. J. (2024). Income and Jobs from Global Value Chain

Participation by Developing Asian Economies. Forthcoming Asian

Development Review.

Gereffi, G. (1994). The organization of buyer-driven global commodity chains:

How US retailers shape overseas production networks. In Gereffi, G., &

Korzeniewicz, M. (Eds.), Commodity Chains and Global Capitalism,

Westport, CT: Praeger, pp. 95–122.

Gereffi, G. (1999). International trade and industrial upgrading in the apparel

commodity chain. Journal of International Economics, 48: 37–70.

Gereffi, G., Humphrey, J., & Sturgeon, T. (2005). The governance of global

value chains. Review of International Political Economy, 12: 78–104.

Gollin, D. (2018). Structural transformation and growth without industrialisa-

tion. Background Paper. Oxford: Pathways for Prosperity Commission.

Gollin, D., & Kaboski, J. P. (2023). New views of structural transformation:

Insights from recent literature.Oxford Development Studies, 51(4): 339–361.

Goos, M., Manning, A., & Salomons, A. (2014). Explaining job polarization:

Routine-biased technological change and offshoring. American Economic

Review, 104(8): 2509–2526.

Gortari, A. de (2017), Disentangling global value chains, Harvard University,

November. https://scholar.harvard.edu/files/alonsodegortari/files/degortar

i_dgvcs_october2017.pdf.

Gottlieb, C., Doss, C., Gollin, D., & Poschke, M. (2024). The gender division of

work across countries. STEG working paper 95.

Grossman, G. M., & Rossi-Hansberg, E. (2008). Trading tasks: A simple theory

of offshoring. American Economic Review, 98: 1978–1997.

81References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://scholar.harvard.edu/files/alonsodegortari/files/degortari%5Fdgvcs%5Foctober2017.pdf
https://scholar.harvard.edu/files/alonsodegortari/files/degortari%5Fdgvcs%5Foctober2017.pdf
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Guvenen, F., Mataloni, R. J., Rassier, D. G., & Ruhl, K. J. (2017). Offshore

Profit Shifting and Domestic Productivity Measurement. NBER working

paper 23324.

Hanson, G. H. (2012). The rise of middle kingdoms: Emerging economies in

global trade. Journal of Economic Perspectives, 26: 41–64.

Haraguchi, N., Cheng, C. F. C., & Smeets, E. (2017). The importance of

manufacturing in economic development: Has this changed? World

Development, 93: 293–315.

Harrison, A., & Rodríguez-Clare, A. (2010). Trade, foreign investment, and

industrial policy for developing countries. In Rodrik, D., & Rosenzweig, M.

(Eds.), Handbook of Development Economics, vol. 5. Amsterdam: Elsevier,

pp. 4039–4214.

Haskel, J., & Westlake, S. (2017). Capitalism without Capital: The Rise of the

Intangible Economy. Princeton: Princeton University Press.

Hausmann, R., & Klinger, B. (2007). The structure of the product space and the

evolution of comparative advantage. CID Working Paper No. 146.

Hausmann, R., Hwang, J., & Rodrik, D. (2007). What you export matters.

Journal of Economic Growth, 12(1): 1–25.

Hausmann, R., Hidalgo, C. A., Bustos, S., Coscia, M., & Simoes, A. (2014). The

Atlas of Economic Complexity: Mapping Paths to Prosperity. Cambridge:

MIT Press.

Hernández-Rodríguez, E., Boschma, R., Morrison, A., & Ye, X. (2025). The

role of complementary interregional linkages for functional upgrading and

downgrading of global value chains in EU regions. Industry and Innovation,

1–35. www.tandfonline.com/doi/full/10.1080/13662716.2025.2480624.

Herrendorf, B., Rogerson, R., & Valentinyi, A. (2014). Growth and structural

transformation. Handbook of Economic Growth, 2: 855–941.

Hidalgo, C., Klinger, B., Barabási, A., & Hausmann, R. (2007). The product

space conditions the development of nations. Science, 317: 482 487.

Hirschman, A. O. (1958). The Strategy of Economic Development. New Haven:

Yale University Press.

Hoekman, B. M., & Kostecki, M. (2009). The Political Economy of the World

Trading System: The WTO and beyond. Oxford: Oxford University Press.

Hummels, D., Ishii, J., & Yi, K.-M. (2001). The nature and growth of vertical

specialization in world trade. Journal of International Economics, 54: 75–96.

Humphrey, J., & Schmitz, H. (2002). How does insertion in global value chains

affect upgrading in industrial clusters? Regional Studies, 36(9): 1017–1027.

Jaax, A., & Miroudot, S. (2021). Capturing value in GVCs through intangible

assets: The role of the trade–investment–intellectual property nexus. Journal

of International Business Policy, 4(3): 433–452.

82 References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

http://www.tandfonline.com/doi/full/10.1080/13662716.2025.2480624
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Johnson, R. C. (2014). Five facts about value-added exports and implications

for macroeconomics and trade research. Journal of Economic Perspectives,

28: 119–142.

Johnson, R. C. (2018). Measuring global value chains. Annual Review of

Economics, 10(1): 207–236.

Johnson, R. C., & Noguera, G. (2012). Accounting for intermediates:

Production sharing and trade in value added. Journal of International

Economics, 86: 224–236.

Johnson, R. C., & Noguera, G. (2017). A portrait of trade in value added over

four decades. The Review of Economics and Statistics, 99: 896–911.

Johnson, R. C. (2018). Measuring global value chains. Annual Review of

Economics, 10(1): 207–236.

Kaplan, D., & Kaplinsky, R. (1999). Trade and industrial policy on an uneven

playing field: The case of the deciduous fruit canning industry in South

Africa. World Development, 27(10): 1787–1801.

Kaplinsky, R. (2000). Globalisation and unequalisation: What can be

learned from value chain analysis? Journal of Development Studies, 37:

117–146.

Karabarbounis, L., & Neiman, B. (2014). The global decline of the labor share.

The Quarterly Journal of Economics, 129(1): 61–103.

Karabarbounis, L., & Neiman, B. (2019). Accounting for factorless income.

NBER Macroeconomics Annual, 33(1): 167–228.

Karbevska, L., & Hidalgo, C. A. (2025). Mapping global value chains at the

product level. EPJ Data Science, 14(1): 21. https://doi.org/10.1140/epjds/

s13688-025-00521-5.

Kaufmann, D., Kraay, A., & Mastruzzi, M. (2011). The worldwide governance

indicators: Methodology and analytical issues1. Hague Journal on the Rule

of Law, 3(2): 220–246.

Kee, H. L., & Tang, H. (2016). Domestic value added in exports: Theory and

firm evidence from China. American Economic Review, 106: 1402–1436.

Kelle, M. (2013). Crossing industry borders: German manufacturers as services

exporters. World Economy, 36: 1494–1515.

Kemeny, T., & Storper, M. (2015). Is specialization good for regional economic

development? Regional Studies, 49: 1003–1018.

Koopman, R., Wang, Z., & Wei, S.-J. (2012). Estimating domestic content in

exports when processing trade is pervasive. Journal of Development

Economics, 99: 178–189.

Kruse, H., Mensah, E., Sen, K., & de Vries, G. (2023a). A manufacturing (re)

naissance? Industrialization in the developing world. IMF Economic Review,

71(2): 439–473.

83References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://doi.org/10.1140/epjds/s13688-025-00521-5
https://doi.org/10.1140/epjds/s13688-025-00521-5
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Kruse, H., Timmer, M. P., de Vries, G. J., & Ye, X. (2023b). Export

Diversification from an Activity Perspective : An Exploration Using

Occupation Data. Policy Research Working Paper Series 10463, The World

Bank.

Kruse, H., Timmer, M. P., de Vries, G. J., & Ye, X. (2024). The Occupation

Content of Trade. The World Bank Economic Review. https://doi.org/

10.1093/wber/lhae051.

Kuznets, S. (1957). Quantitative aspects of the economic growth of nations: II.

Industrial distribution of national product and labor force. Economic

Development and Cultural Change, 5(S4): 1–111.

Kuznets, S. (1973). Modern economic growth: Findings and reflections. The

American Economic Review, 63(3): 247–258.

Lall, S. (2000). The technological structure and performance of developing

country manufactured exports, 1985–1998.Oxford Development Studies, 28:

337–369.

Landefeld, J. S. (2015). Handbook for a System of Extended International

and Global Accounts (SEIGA) Overview of Major Issues, draft

November 23 for United Nations Statistical Division, The United

Nations, New York.

Lashitew, A. A., Ross, M. L., & Werker, E. (2021). What drives successful

economic diversification in resource-rich countries? World Bank Research

Observer, 36(2): 164–196.

Leamer, E. E. (1984). Sources of International Comparative Advantage.

Cambridge, MA: MIT Press.

Leontief, W. (1953). Domestic production and foreign trade; the American

capital position re-examined. Proceedings of the American Philosophical

Society, 97: 332–349.

Levchenko, A. A., & Zhang, J. (2012). Comparative advantage and the welfare

impact of European integration. Economic Policy, 27(72): 567–602.

Lewandowski, P., Park, A., Hardy, W., Du, Y., & Wu, S. (2022). Technology,

skills, and globalization: Explaining international differences in routine and

nonroutine work using survey data. World Bank Economic Review, 36(3):

687–708.

Lewis, W. A. (1954). Economic development with unlimited supplies of labour.

The Manchester School, 22(2): 139–191.

Lewis, W. A. (1979). The dual economy revisited. The Manchester School,

47(3): 211–229.

Linden, G., Dedrick, J., & Kraemer, K. L. 2011. Innovation and job creation in

a global economy: The case of Apple’s iPod. Journal of International

Commerce and Economics, 3(1): 223–239.

84 References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://doi.org/10.1093/wber/lhae051
https://doi.org/10.1093/wber/lhae051
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Lipsey, R. E. (2010). Measuring the location of production in a world of

intangible productive assets, FDI and intrafirm trade. Review of Income and

Wealth, 56: S99–S110.

Los, B., Timmer, M. P., & de Vries, G. J. (2015), How global are global value

chains? A new approach to measure international fragmentation. Journal of

Regional Science, 55: 66–92.

Los, B., Timmer, M. P., & de Vries, G. J. (2016). Tracing value-added and

double counting in gross exports: Comment. American Economic Review,

106: 1958–1966.

Los, B., & Timmer, M.P. (2018) Measuring Bilateral Exports of Value Added:

A Unified Framework. Working Paper no. 24896. National Bureau of

Economic Research.

Markusen, J. R. (2002). Multinational Firms and the Theory of International

Trade. Cambridge, MA: MIT Press.

Matsuyama, K. (2009). Structural change in an interdependent world: A global

view of manufacturing decline. Journal of the European Economic

Association, 7(2–3): 478–486.

McMillan, M., Rodrik, D., & Verduzco-Gallo, I. (2014). “Globalisation,

Structural Change, and Productivity Growth, with an Update on Africa.”

World Development 63: 11–32.

Miller, R. E., & Blair, P. D. (2009). Input–Output Analysis: Foundations and

Extensions. Cambridge: Cambridge University Press.

Newfarmer, R. S., Page, J. M., & Tarp, F. (eds.) (2018). Industries without

smokestacks: Industrialization in Africa reconsidered. Oxford: Oxford

University Press, pp. 170–190.

Nielsen, P. B. (2018). The puzzle of measuring global value chains – The

business statistics perspective. International Economics, 153: 69–79.

Nomaler, Ö., & Verspagen, B. (2014). Analysing global value chains using

input–output economics: Proceed with care, UNU-MERIT Working Paper

no. 2014–070, UNU-MERIT, Maastricht.

Nomaler, Ö., & Verspagen, B. (2024). Related or unrelated diversification:

What is smart specialization?. Structural Change and Economic Dynamics,

70: 503–515.

OECD (forthcoming). The OECD’s Handbook on Measuring Extended Supply

and Use Tables-Table of Content. OECD, Paris.

Ossa, R. (2015). Why trade matters after all. Journal of International

Economics, 97(2): 266–277.

Pahl, S., & Timmer, M. P. (2019). Patterns of vertical specialisation in trade:

Long-run evidence for 91 countries. Review of World Economics, 155(3):

459–486.

85References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Pahl, S., & Timmer, M. P. (2020). Do global value chains enhance economic

upgrading? A long view. Journal of Development Studies, 56(9): 1683–1705.

Pahl, S., Timmer M. P., Gouma, R., &Woltjer, P. J. (2022). Jobs and productiv-

ity growth in global value chains: New evidence for twenty-five low- and

middle-income countries. World Bank Economic Review, 36(3): 670–686.

Porter, M. E. (1985). The Competitive Advantage: Creating and Sustaining

Superior Performance. New York: Free Press.

Porter, M. E. (1998). Clusters and the new economics of competition. Harvard

Business Review, 76(6): 77–90.

Prescott, E. C., &Visscher, M. (1980). Organization capital. Journal of Political

Economy, 88(3): 446–461.

Reijnders, L. S.M., & de Vries, G. J. (2018). Technology, offshoring and the rise

of non-routine jobs. Journal of Development Economics, 135: 412–432.

Reijnders, L. S., Timmer, M. P., & Ye, X. (2021). Labour demand in global

value chains: Is there a bias against unskilled work? World Economy, 44:

2547–2571.

Rodrik, D. (2016). Premature deindustrialization. Journal of Economic Growth,

21(1): 1–33.

Rodrik, D. (2018). New Technologies, Global Value Chains, and Developing

Economies. NBERWorking Paper No. 25164.

Rodrik, D. (2022). Prospects for Global Economic Convergence under New

Technologies. An Inclusive Future? Technology, new dynamics, and policy

challenges, 65–82.

Schott, P. K. (2004). Across-product versus within-product specialization in

international trade. Quarterly Journal of Economics, 119: 647–678.

Sen, K. (2019). Structural transformation around the world: Patterns and

drivers. Asian Development Review, 36(2): 1–31.

Sen, K. (2023). Varieties of Structural Transformation: Patterns, Determinants,

and Consequences. Cambridge: Cambridge University Press.

Syrquin, M. (1988). Patterns of structural change. In Chenery, H., &

Srinivasan, T. N. (Eds.), Handbook of Development Economics, New York:

Elsevier, pp. 203–273.

Szirmai, A., & Verspagen, B. (2015). Manufacturing and economic growth in

developing countries, 1950–2005. Structural Change and Economic

Dynamics, 34: 46–59.

Teece, D. J. (2018). Profiting from innovation in the digital economy: Enabling

technologies, standards, and licensing models in the wireless world.

Research Policy, 47(8): 1367–1387.

Teignier, M. (2018). The role of trade in structural transformation. Journal of

Development Economics, 130: 45–65.

86 References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Timmer M. P., Erumban, A. A., Los, B., Stehrer, R., & de Vries, G. J. (2014).

Slicing up global value chains. Journal of Economic Perspectives, 28:

99–118.

Timmer, M. P., Miroudot, S., & de Vries, G. J. (2019). Functional specialisation

in trade. Journal of Economic Geography, 19(1): 1–30.

Timmer, M. P., Los, B., Stehrer, R., & de Vries, G. J. (2021). Supply chain

fragmentation and the global trade elasticity: A new accounting framework.

IMF Economic Review, 69: 656–680.

Uy, T., Yi, K. M., & Zhang, J. (2013). Structural change in an open economy.

Journal of Monetary Economics, 60(6): 667–682.

Wheatley, M., & Ramsay, M. (2011). After the disaster in Japan. Automotive

Logistics (July 1, 2011). www.automotivelogistics.media/after-the-disaster-

in-japan/7408.article.

Winkler, D., Kruse, H., Luna, L. A., & Maliszewska, M. (2023). Linking Trade

to Jobs, Incomes, and Activities. World Bank Policy ResearchWorking Paper

#10635.

Wolff, E. (2003). Skills and changing comparative advantage. Review of

Economics and Statistics, 85: 77–93.

Woltjer, P., Gouma, R., & Timmer, M. (2021). Long-run world input-output

database: Version 1.1 sources and methods. GGDC Research Memorandum,

190, 57.

World Bank. (2019). World Development Report 2020: Trading for develop-

ment in the age of global value chains. World Bank, Washington, DC.

World Bank. (2024). World Development Report 2024: The Middle-Income

Trap. World Bank, Washington, DC.

87References

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

http://www.automotivelogistics.media/after-the-disaster-in-japan/7408.article
http://www.automotivelogistics.media/after-the-disaster-in-japan/7408.article
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Acknowledgments

This Element synthesizes a decade of our research on who is doing what and

where in global value chains. It unifies and updates previously published research

and is deeply rooted in joint work, discussions, and critical feedback we have

received along the way. We are indebted to our collaborators, including Donald

Bertulfo, Peter Buckley, Wen Chen, Quanrun Chen, Erik Dietzenbacher, Abdul

Erumban, Robert Feenstra, Yuning Gao, Neil Foster-McGregor, Elisabetta

Gentile, Reitze Gouma, Calumn Hamilton, Robert Inklaar, Aobo Jiang, Hagen

Kruse, Oscar Lemmers, Bart Los, Emmanuel Mensah, Sébastien Miroudot,

Stefan Pahl, Jiansuo Pei, Laurie Reijnders, Kunal Sen, Robert Stehrer, Roger

Strange, Klaas de Vries, Konstantin Wacker, Shang-Jin Wei, Deborah Winkler,

Kei-Mu Yi, Xianjia Ye, Yabo Vidogbena, and Jop Woltjer. We also thank the

institutions and research networks that provided financial and nonfinancial sup-

port, as well as the many colleagues, seminar participants and peer reviewers for

challenging our thinking. This Element is an attempt to distill and disseminate

a large body of research in a way that aims to be accessible without sacrificing

rigor. Any remaining errors or omissions are, of course, our own.

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Development Economics

Series Editor-in-Chief

Kunal Sen
UNU-WIDER and University of Manchester

Kunal Sen, UNU-WIDER Director, is Editor-in-Chief of the Cambridge Elements in
Development Economics series. Professor Sen has over three decades of experience in
academic and applied development economics research, and has carried out extensive
work on international finance, the political economy of inclusive growth, the dynamics of

poverty, social exclusion, female labor force participation, and the informal sector in
developing economies. His research has focused on India, East Asia, and sub-Saharan

Africa.

In addition to his work as Professor of Development Economics at the University of
Manchester, Kunal has been the Joint Research Director of the Effective States and Inclusive

Development (ESID) Research Centre, and a Research Fellow at the Institute for Labor
Economics (IZA). He has also served in advisory roles with national governments and
bilateral and multilateral development agencies, including the UK’s Department for

International Development, Asian Development Bank, and the International Development
Research Centre.

Thematic Editors

Tony Addison
University of Copenhagen and UNU-WIDER

Tony Addison is Professor of Economics in the University of Copenhagen’s Development
Economics Research Group. He is also a Non-Resident Senior Research Fellow at

UNU-WIDER, Helsinki, where he was previously the Chief Economist-Deputy Director. In
addition, he is Professor of Development Studies at the University of Manchester. His

research interests focus on the extractive industries, energy transition, and macroeconomic
policy for development.

Chris Barrett
SC Johnson College of Business, Cornell University

Chris Barrett is an agricultural and development economist at Cornell University. He is the
Stephen B. and Janice G. Ashley Professor of Applied Economics and Management; and

International Professor of Agriculture at the Charles H. Dyson School of Applied Economics
and Management. He is also an elected Fellow of the American Association for the

Advancement of Science, the Agricultural and Applied Economics Association, and the
African Association of Agricultural Economists.

Carlos Gradín
University of Vigo

Carlos Gradín is Professor of applied economics at the University of Vigo. His main research
interest is the study of inequalities, with special attention to those that exist between

population groups (e.g., by race or sex). His publications have contributed to improving the
empirical evidence in developing and developed countries, as well as globally, and to

improving the available data and methods used.

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Rachel M. Gisselquist
UNU-WIDER

Rachel M. Gisselquist is Senior Research Fellow and member of the Senior Management
Team of UNU-WIDER. She specializes in the comparative politics of developing countries,
with particular attention to issues of inequality, ethnic and identity politics, foreign aid and
state building, democracy and governance, and sub-Saharan African politics. Dr. Gisselquist
has edited a dozen collections in these areas, and her articles are published in a range of

leading journals.

Shareen Joshi
Georgetown University

Shareen Joshi is Associate Professor of International Development at Georgetown
University’s School of Foreign Service in the United States. Her research focuses on issues of
inequality, human capital investment, and grassroots collective action in South Asia. Her
work has been published in the fields of development economics, population studies,

environmental studies, and gender studies.

Patricia Justino
UNU-WIDER and IDS – UK

Patricia Justino is Senior Research Fellow at UNU-WIDER and Professorial Fellow at the
Institute of Development Studies (IDS) (on leave). Her research focuses on the relationship
between political violence, governance, and development outcomes. She has published

widely in the fields of development economics and political economy and is the co-founder
and co-director of the Households in Conflict Network (HiCN).

Marinella Leone
University of Pavia

Marinella Leone is Assistant Professor at the Department of Economics and
Management, University of Pavia, Italy. She is an applied development economist. Hermore
recent research focuses on the study of early child development parenting programs, on

education, and gender-based violence. In previous research she investigated the
short-, long-term and intergenerational impact of conflicts on health, education, and
domestic violence. She has published in top journals in economics and development

economics.

Jukka Pirttilä
University of Helsinki and UNU-WIDER

Jukka Pirttilä is Professor of Public Economics at the University of Helsinki and VATT Institute
for Economic Research. He is also a Non-Resident Senior Research Fellow at UNU-WIDER.
His research focuses on tax policy, especially for developing countries. He is a co-principal

investigator at the Finnish Centre of Excellence in Tax Systems Research.

Andy Sumner
King’s College London and UNU-WIDER

Andy Sumner is Professor of International Development at King’s College London; a Non-
Resident Senior Fellow at UNU-WIDER and a Fellow of the Academy of Social Sciences. He
has published extensively in the areas of poverty, inequality, and economic development.

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


About the Series
Cambridge Elements in Development Economics is led by UNU-WIDER in partnership with

Cambridge University Press. The series publishes authoritative studies on important
topics in the field covering both micro and macro aspects of development economics.

United Nations University World Institute for Development
Economics Research

United Nations University World Institute for Development Economics Research
(UNU-WIDER) provides economic analysis and policy advice aiming to promote sustainable
and equitable development for all. The institute began operations in 1985 in Helsinki,

Finland, as the first research centre of the United Nations University. Today, it is one of the
world’s leading development economics think tanks, working closely with a vast network of

academic researchers and policy makers, mostly based in the Global South.

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core


Development Economics

Elements in the Series

Great Gatsby and the Global South: Intergenerational Mobility, Income Inequality,
and Development

Diding Sakri, Andy Sumner and Arief Anshory Yusuf

Varieties of Structural Transformation: Patterns, Determinants, and Consequences
Kunal Sen

Economic Transformation and Income Distribution in China over Three Decades
Cai Meng, Bjorn Gustafsson and John Knight

Chilean Economic Development under Neoliberalism: Structural Transformation,
High Inequality and Environmental Fragility

Andrés Solimano and Gabriela Zapata-Román

Hierarchy of Needs and the Measurement of Poverty and Standards of Living
Joseph Deutsch and Jacques Silber

New Structural Financial Economics: A Framework for Rethinking the Role of
Finance in Serving the Real Economy

Justin Yifu Lin, Jiajun Xu, Zirong Yang and Yilin Zhang

Knowledge and Global Inequality Since 1800: Interrogating the Present as History
Dev Nathan

Survival of the Greenest: Economic Transformation in a Climate-conscious World
Amir Lebdioui

Escaping Poverty Traps and Unlocking Prosperity in the Face of Climate Risk:
Lessons from Index-Based Livestock Insurance

Nathaniel D. Jensen, Francesco P. Fava, Andrew G. Mude, Christopher B. Barrett,
Brenda Wandera-Gache, Anton Vrieling, Masresha Taye, Kazushi Takahashi,

Felix Lung, Munenobu Ikegami, Polly Ericksen, Philemon Chelanga,
Sommarat Chantarat, Michael Carter, Hassan Bashir and Rupsha Banerjee

Financing for Development: The Global Agenda
José Antonio Ocampo

Poverty in Latin America: Feelings/Perceptions vs Material Conditions
Verónica Amarante, Maira Colacce and Federico Scalese

Trade in Tasks: A New Perspective on International Trade, Structural Change and
Economic Development

Gaaitzen J. de Vries and Marcel P. Timmer

A full series listing is available at: www.cambridge.org/CEDE

use, available at https://www.cambridge.org/core/terms. https://doi.org/10.1017/9781009513029
Downloaded from https://www.cambridge.org/core. IP address: 169.224.197.5, on 28 Oct 2026 at 04:54:53, subject to the Cambridge Core terms of

http://www.cambridge.org/CEDE
https://www.cambridge.org/core/terms
https://doi.org/10.1017/9781009513029
https://www.cambridge.org/core

	Cover
	Title page
	Imprints
page
	Trade in Tasks: A New Perspective to International Trade, Structural Change, and Economic Development
	Contents
	1 Setting the Stage
	1.1 Background
	1.2 Scope and Aims of This Element
	1.3 Structure of the Element

	2 A Task Perspective on International Trade, Structural Change, and Economic Development
	2.1 Development of Data on Trade in Value Added
	2.2 The Need for Data on Trade in Tasks
	2.3 Definition and Measurement of Trade in Tasks
	2.4 Further Clarifications

	3 The Global Factory: Trends in the International Division of Tasks
	3.1 Phases in the International Fragmentation of Production
	3.2 Specialization in the Global Factory

	4 Trade in Tasks Development: Stylized Facts
	4.1 Trade in Tasks and Levels of Economic Development
	4.2 Trade in Tasks: Distinguishing Changes along the Intensive
and Extensive Margin

	5 The Dynamics of Task Specialization
	5.1 Comparative Advantage in Tasks: Method and Illustration
	5.2 Task Specialization and Levels of Economic Development
	5.3 The Dynamics of Task Specialization
	5.4 Determinants of Task Specialization: Path Dependence
	5.5 Automation and Task Specialization

	6 New Task Specializations and Economic Growth
	6.1 Charting New Territories: Measuring Path-Defying Task
Specialization
	6.2 New Specializations by Country
	6.3 Cross-country Growth Regressions for Task Specialization

	7 Findings and Ways Forward
	7.1 Key Findings
	7.2 Future Research Directions and Policy Implications


	Appendix
	A. Methodology
	B. Data
	C. Additional Remarks on Trade in Tasks
	D. Defining Path Defiance
	E. Appendix Tables and Figures

	References
	Acknowledgments

