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ABSTRACT 
 

 

In order to deepen integration of East Asia and Latin America, there is a need to analyze existing 

Global Value Chains (GVCs) within and between the two regions. This user guide is designed to 

equip researchers with the tools necessary to understand and use value added decompositions of 

trade data. Such decompositions are key to the quantitative analysis of trade within GVCs and the 

various linkages across sectors and countries that they imply. Exercises in this user guide are based 

on ADB MRIO data, now covering 73 countries and 35 sectors. The analysis shows a basic 

Leontief decomposition into value added components, and discusses the limitations of that 

approach. It then presents examples of how to perform policy analysis based on those data. All 

analysis is accompanied by transparent Stata code in which each analytical step is made explicit; 

all data and .do files are freely available with the user guide. Rather than focus on proofs and 

derivations, the interest of the user guide is in understanding the intuition and policy-relevance of 

this approach, as well as relevant limitations. Readers will be equipped to undertake their own 

analysis, principally using decompositions made available by ADB, but also by using appropriate 

software to calculate their own decompositions. 
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INTRODUCTION 
 

Analysis of Global Value Chains (GVCs) has grown markedly in academic and policy circles alike 

over the last ten years or so driven by the rapid expansion of GVCs in the global economy. Asia 

is the home of this development, with what are now called GVCs first identified as “production 

networks” in East and Southeast Asia in sectors like automobiles and electronics (Ando and 

Kimura, 2005). Increasingly, however, it is the extra-regional nature of GVCs that is coming to 

the fore. ITC (2017) shows that although most GVCs have a distinctly regional character, there is 

also increasing evidence of linkages across regions, which generate genuinely global value chains.  

The interest in GVCs has been pronounced among analysts and policymakers for some time, yet 

there was one serious obstacle in meeting it – availability of data.The data requirements upon 

which a better understanding of complex linkages is based have been formidable. Statisticians and 

national accounts around the world have been working hard over a number of years to produce the 

raw material for most GVC analysis: multi-region input-output tables (MRIOs). National input-

output tables are familiar to most economists, as well as to the broader policy community: they 

capture final and intermediate demand for each sector’s output, meaning the part of that output 

that is consumed, and used by downstream industries in the production of other goods. A national 

input-output table provides a complete accounting of all such market transactions in the economy, 

so that sectoral gross output can easily be derived as the sum of all intermediate and final use, and 

sectoral value added is gross output less intermediate input use. 

Constructing a national input-output table is a demanding exercise. The raw material comes from 

surveys in which firms are asked to provide an accounting of their transactions. Surveys are 

conducted on a sample basis, which means that national statistics offices need an appropriate 

sampling frame and methodology before the activity can even commence. Treatment of the data 

is intensive in both labour and skill. As a result, countries typically do not produce input-output 

tables annually, but instead with a gap of some years between versions; smaller and lower income 

countries may produce tables at irregular intervals. While the System of National Accounts 

provides a standardized framework for collecting and reporting the standard information in 

national accounts, casual observation suggests that countries vary considerably when it comes to 

their input-output tables, both in terms of data quality, but also the sectoral classification system 

used. 

Producing a MRIO adds an extra level of difficulty. Instead of summarizing intermediate and final 

use of a sector’s output within a single country only, a MRIO takes detailed account of 

international transactions as well. On the import side, a MRIO needs to consider intermediate and 

final use of imported goods by origin. Correspondingly, on the export side, a MRIO needs to 

consider intermediate and final use of exported goods by destination. As a result, issues like data 

quality across countries, as well as different sectoral classification systems, loom large in the 

production of MRIOs, as does the problem of allocating imports across origins and exports across 

destinations in circumstances where the primary data may be missing. 

Trade economists have long used MRIOs for different purposes, but it is only more recently that 

the links to GVCs have been properly understood. Early research on the trade aspects of GVCs 

either used ad hoc product classifications to identify intermediate flows (e.g., Ando and Kimura, 

2005), or made use of those input-output tables available in a consistent format to provide partial 
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results (Hummels et al., 2001). An ancestor of today’s MRIOs is the Global Trade Analysis Project 

(GTAP), which linked together national input-output tables in a common classification and 

modeling system so as to enable calibration and simulation of computable general equilibrium 

(CGE) models. Johnson and Noguera (2012) used the GTAP database to present an influential set 

of insights into GVC trade, which has been greatly expanded in subsequent work, but still 

represents the foundation for the current literature. 

In addition to the challenge of mobilizing the necessary data to properly understand trade in the 

GVC context, there has also been a necessary revolution in the way economists think about trade 

flows. Analysis has always focused on trade values recorded in Customs declarations, which 

represent the gross value of the goods. This value is inclusive of intermediate goods, including 

imported intermediates. In a highly globalized world, gross values can greatly overstate the amount 

of trade taking place, as they record movements of intermediates and of the final product as 

separate transactions that are all tallied in producing relevant sums. Recognizing the inadequacy 

of this framework in a setting where goods cross borders multiple times during production, as is 

the case in GVCs, has led economists to increasingly focus on trade in value added, in the 

terminology of Johnson and Nogeura (2012). In essence, this approach looks to account for and 

apportion the value added in trade goods across the various origins of that value added. It takes a 

MRIO as its input, and seeks to define a set of operations that allow the various components of 

value added to be rigorously separated out. It has been shown to produce a radically different view 

of world trade than the standard gross value approach, at once highlighting the nature of value 

chain trade, but also correcting important misconceptions at a policy level, particularly in relation 

to the size of bilateral trade balances. 

A final dimension of this emerging view of global trade is the rise of services. Goods and services 

are increasingly intertwined in production processes at the firm level (see Helble and Shepherd, 

2019, for an overview). In particular, “embodied” services—those acquired by firms as an input—

can represent a significant and growing proportion of the total value of goods produced and 

exported.). At the same time, services themselves are becoming increasingly traded internationally 

under the four GATS modes of supply. Indeed, when all of the ways of supplying services 

internationally are accounted for, the total value is something approaching the total value of 

merchandise trade globally, although with considerable variation across countries (Wettstein et al., 

2019). As such, it is important to include services within the purview of applied trade policy 

analysis, which has historically focused on goods due to superior data quality. Services are 

typically included in national input-output tables, but the extension to the international level is 

complicated by the fact that most countries do not maintain fully disaggregated statistics on 

international trade in services. This point is therefore another one at which statisticians and national 

accountants are called upon to use modeling techniques and appropriate assumptions to generate 

the best possible data. 

A number of databases are now available that make it possible to analyze trade through the lens of 

GVCs. In the Asian region, the key information source is the ADB MRIO, now extended to cover 

countries in Asia, Latin America, Europe, and North America, through collaborations with other 

organizations. In total, it covers 73 countries and 35 goods and services sectors. However, the raw 

MRIO is not directly useful for policy purposes itself. It is necessary to perform operations on the 

data to produce breakdowns of value added components by country and sector of origin. As a 

result, MRIO users need to be well-versed in the mechanics of undertaking this breakdown, and 

the economic logic behind them. This background is vital to ensuring that results are correctly 



   
 

3 
 

interpreted from an analytical perspective, which in turn enables analysts to come up with 

appropriate policy recommendations. 

Against this background, the present User Guide is intended as a training device for researchers in 

the Asia-Pacific, ideally accompanying a practically oriented online training course facilitated by 

ESCAP. The next section provides some motivation for the exercise by focusing on the types of 

policy relevant questions that can be examined through the lens of trade in value added. Section 3 

then presents the technical details of two key methodologies that use MRIOs to analyze trade in 

value added. Section 4 concludes. 
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I. MOTIVATION: WHY SHOULD POLICYMAKERS CARE ABOUT 

TRADE IN VALUE ADDED? 
 

A value chain “describes the full range of activities that firms and workers do to bring a 

product/good or service from its conception to its end use and beyond. This includes activities such 

as design, production, marketing, distribution, and support to the final consumer”.1 By extension, 

a GVC arises when this set of activities is split across multiple countries. GVCs are therefore 

characterized by narrow patterns of specialization at a country level, accompanied by frequent 

movements of intermediate goods and services across borders during production. 

What are the implications of GVCs from a development perspective? Baldwin (2011) puts forward 

a new model of industrialization and development based on value chain trade. Whereas countries 

like Republic of Korea industrialized by developing full supply chains in particular sectors, those 

countries currently undergoing rapid industrialization, like Viet Nam, are specializing in more 

narrowly defined tasks according to their comparative advantage, while other productive activities 

take place elsewhere through GVC linkages. Over time, as labour markets tighten and human 

capital builds up, countries can move up to higher value added activities within value chains. This 

process is expressed as increasing labour productivity over time, combined with more intense trade 

in intermediate goods and services, mostly taking place within value chains. 

This fragmentation of production across borders as implied by the GVC business model, and in 

particular the large-scale flow of intermediate goods and services, means that traditional trade data 

are inadequate to properly describe the phenomenon, in particular in the case of services. Standard 

trade data are measured on a gross shipments basis. In other words, a cellular phone with an import 

value of $500 is recorded as an import of that value, even though its component parts and embodied 

services have traveled across borders numerous times during the production process, and have also 

been counted independently in trade statistics. With fragmented production, gross shipments trade 

statistics tend to significantly overstate the value of trade, and are incompatible with the system of 

national accounts, which operates on a value added basis. This is the reason why some countries, 

like Malaysia, have a trade to GDP ratio in excess of 100%: trade values are measured inclusive 

of the value of intermediate inputs, but GDP is measured net of intermediate inputs. 

A second limitation of standard gross shipments trade data is that they do not identify the sources 

of value added, whether goods or services, embodied in a final product. But from a GVC standpoint, 

this question is of great importance, as it enables analysts to map GVCs both geographically and 

in product (service) space. With this in mind, applied international trade researchers have 

developed a variety of techniques to examine the nature and extent of GVCs in goods and services 

sectors alike, and we review those  in the next section.  

Here, we focus on introducing the concepts intuitively, using data sources that will be discussed 

further in the following section. First, we break down gross exports into three components: 

domestic value added (DVA), foreign value added (FVA), and pure double counting (PDC). DVA 

is the part of gross exports where value added originates in the exporting country. FVA, by contrast, 

is the part of gross exports where value added originates in foreign countries. PDC indicates 

movements of goods and services back and forth across borders, and so highlights instances where 

 
1
https://globalvaluechains.org/concept-tools. 

https://globalvaluechains.org/concept-tools
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conventional trade data are recording transactions multiple times during production. A simple 

approach to analyzing global value chains focuses on examining DVA and FVA: a higher 

proportion of the latter in gross exports means that a country is sourcing inputs from abroad in 

order to produce its exports, which is consistent with a greater degree of GVC integration. 

To show the importance of understanding these different value added concepts as they relate to the 

breakdown of gross exports data, we take two examples: the electrical and optical equipment sector 

in Malaysia, and the mining and quarrying sector in Chile. Both are nationally important sectors 

and are represented in the current version of the ADB MRIO as extended to other regions. But 

they present important contrasts in terms of the degree of GVC integration, as might be expected: 

electrical equipment is a classic GVC sector in East and South-East Asia, whereas mining, by its 

highly capital intensive and geographically focused nature, is less susceptible to having its 

production process split across numerous countries. 

The starting point for the analysis is gross exports (figure 1). The figure shows that using standard 

data, exports are much larger, more than double, in Malaysia relative to Chile. But no particular 

policy implications or insights flow from this comparison: it is simply a comparison of the size of 

two economic variables. 

 

Figure 1. Gross exports of electrical and optical equipment in Malaysia, and mining and 

quarrying in Chile, million USD, 2017 

 

           Source: Author’s calculations based on ADB MRIO. 
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The picture changes markedly if we decompose gross exports into their three main components: 

DVA, FVA, and PDC (figure 2). Comparing the two DVA bars shows that the dollar value of 

domestically-sourced value added in the two sectors is in fact very close to identical, even though 

the value of gross exports differs by a factor of 100%. The difference between the two is made up 

of vastly different uses of foreign-sourced value added and pure double counting. The first element 

shows that the Malaysian sector uses a lot of foreign inputs in the production of its exports, a 

classic element of GVC participation, sometimes referred to as “backward linkages” or “backward 

participation”. This perspective is reinforced by the large amount of pure double counting, which 

captures backwards and forwards movements of intermediates across borders during production. 

Both components are much lower in Chile than in Malaysia, which is consistent with a greater 

degree of GVC integration in the Malaysia sector relative to the Chilean sector. This result accords 

well with intuition. 

 

Figure 2. Value added decomposition of gross exports of electrical and optical equipment in 

Malaysia, and mining and quarrying in Chile, million USD, 2017 

 

Source: Author’s calculations based on ADB MRIO. 

In presenting value added trade data to policymakers, a key point that always needs to be stressed 

is that it is not typically in a country’s economic interests to maximize DVA. Many policymakers 

see DVA and FVA as substitutes: if a country imports intermediates instead of sourcing them 

domestically, it is “losing” from the perspective of trade balance. In fact, analysts looking in detail 

at this issue believe that DVA and FVA are complements rather than substitutes: in other words, 

importing intermediates from abroad can help the sector grow more quickly than it would if 

everything were to be sourced domestically. The intuition is straightforward: firms should be free 
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to acquire the best quality and lowest cost intermediates they can, irrespective of origin. If they do 

so, their own output prices will be correspondingly lower and quality higher, so they will be more 

competitive in export markets and can expect better export performance. These points have been 

made by theorists , but value added trade data can help put the argument into empirical focus. 

To see this, we conduct a dynamic analysis again based on the ADB MRIO as extended to other 

regions. We focus on two examples from the Asia-Pacific that starkly demonstrate the policy 

implications of this type of analysis, namely the textiles and textile products sector in Indonesia, 

and the electrical and optical equipment sector in Lao People’s Democratic Republic (Lao PDR). 

The Indonesian sector underwent rapid internationalization over the 2007 – 2017 period, whereas 

the Laotian sector moved to rely more heavily on domestic origin value added. We therefore 

compare those process, and then look at the outcome in terms of observed export changes, which 

we consider in percentage terms as the Laotian sector is much smaller than the Indonesian one, so 

a comparison in terms of dollar values would not be informative. 

Figure 3 shows the value added breakdown of the two sectors in percentage of gross exports terms 

for two years, 2007 and 2017, which are the endpoints of the ADB MRIO. The internationalization 

referred to above is immediately apparent: the proportion of FVA in the Indonesian sector 

increased markedly between 2007 and 2017. By contrast, it is DVA in the Lao PDR  sector that 

increased markedly as a proportion over the same time period. A figure like this one needs careful 

explanation for the reasons set out above: a policymaker without access to all relevant information 

could conclude that the Lao approach is better for the national economy, because the proportion 

of DVA in gross exports has increased. 

 

Figure 3. Value added breakdown of gross exports of textiles and textile products from 

Indonesia and electrical and optical equipment from Lao PDR, 2007 and 2017, percentage 

of gross exports 

 

             Source: Author’s calculations based on ADB MRIO. 
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Figure 4 shows, however, that the Lao PDR approach has resulted in a larger slice of a smaller pie: 

gross exports fell dramatically over the decade under consideration. By contrast, the Indonesian 

approach resulted in significantly higher exports over the same time period. It is vital that results 

like figure 3 be accompanied by explanations in terms of overall sectoral performance, such as 

export market growth, so that policymakers can understand that DVA and FVA are typically not 

substitutes, and thus that it does not make policy sense to aim at maximizing the proportion of 

DVA in gross exports, but instead to leverage internationalization of the value chain as a way of 

boosting competitiveness and growing exports. 

 

Figure 4. Percentage change in gross exports of textiles and textile products from Indonesia 

and electrical and optical equipment from Lao PDR, between 2007 and 2017 

 

Source: Author’s calculations based on ADB MRIO. 

In addition to providing policymakers with important information on the structure and 

development model used by different sectors, a value added perspective can also provide an 

important viewpoint on questions such as bilateral trade balances. While economists typically 

accord little if any importance to bilateral trade balances, they often assume importance in political 

debates and international negotiations. One notable case is between the United States of America 

(USA) and China. But the picture changes significantly depending on whether gross value trade 

data are used (as is typical), or whether the comparison is between domestic value added from 

each country that is absorbed in the other. The importance of the second perspective is that it 

focuses on economic activity originating in each country, and nets out foreign origin value added 

as well as double counting. Figure 5 shows that this approach reduces the USA’s trade deficit with 

China by 16%. If the comparison were to be limited to manufacturing sectors, where China is 
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particularly close integrated into GVCs, this difference would likely be magnified. But given the 

political salience of this particular bilateral balance, the difference is highly significant from a 

policy point of view. 

 

Figure 5. USA - China bilateral trade balance, million USD, 2017 

 

Source: Author’s calculations based on ADB MRIO. 

As these examples demonstrate, the valueadded approach to trade should be of considerable 

interest to policymakers. However, it is analytically much more complicated than the standard 

analysis using gross value trade data. As such, there is an important role for researchers and policy 

analysts in explaining, using simple and concrete examples, what the two different perspectives 

show, and how they can be more or less useful for different purposes. To do so, it is important to 

have a detailed understanding of the value added view of trade in fact relates to the data: what the 

sources are, and how it is calculated. It is to that task that the next section turns.
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II. MAPPING GVC LINKAGES USING INPUT-OUTPUT TABLES 
 

The recent international trade literature has developed sophisticated methods for tracking trade 

within value chains. However, the data requirements are substantial, and it is only relatively 

recently that they have been fulfilled for a large number of regional economies, thanks to efforts 

by ADB and its partners. In short, the methodology requires an input-output table using standard 

international categories, along with bilateral trade data by sector in goods and services. From this 

starting point, a series of manipulations can be performed that result in various decompositions of 

interest from a policy point of view, as well as an analytical one. 

 

A. Relevant Literature 
Johnson and Noguera (2012) develop the concept of trade in value added. More precisely, they 

combine standard trade data in gross shipments terms with a MRIO (in this case from the Global 

Trade Analysis Project) to compute the domestic value added content of exports. This concept of 

trade is compatible with the national accounts, and takes full account of the use of domestic and 

imported intermediates in producing exports. Fundamentally, this approach decomposes the gross 

value of exports into two components: domestic origin value added (DVA), and foreign origin 

value added (FVA). The latter is embodied in exported goods as intermediate goods or services 

originating in another country. As such, a lower ratio of DVA to gross exports—known as the 

VAX ratio—is consistent with a higher degree of international production sharing, which is 

commonly interpreted as indicating a greater degree of GVC integration. Koopman et al., (2014) 

show that it is possible to decompose DVA and FVA further, essentially by identifying instances 

of double counting in gross value trade statistics. 

Another strand of the literature has focused on characterizing value chains, again using a 

combination of trade data and MRIOs. Hummels et al., (2001) track the extent of vertical 

specialization in trade, which they define as the use of imported intermediates in the production of 

exports. They identify two relevant measures. VS is defined as the import content of exports, 

namely imported intermediates used by a country in producing its exports. In the policy literature, 

it is typically referred to as backward linkages. By contrast VS1 is a country’s exports that are in 

turn used as intermediates in the production of another country’s exports. This measure has come 

to be known as forward linkages in the policy literature. Higher measures of backward and forward 

linkages are consistent with increased international production sharing, and thus with more 

production through GVC-type structures. 

Many different indicators of GVC activity and linkages are now available in the literature. In what 

follows, we focus on the basic mathematics and data behind the computation of these indicators. 

The coverage is not exhaustive. Rather, the text aims to equip readers with a basic understanding 

that can lead to the derivation of key results, and to provide references that contain further details 

that build upon this basic understanding. Our initial treatment is closest to Aslam et al., (2017), 

which is an excellent reference with accompanying Matlab code (easily translatable to other 

languages) to reproduce key results. A similar approach with Stata and SAS code to reproduce key 

results using WIOD data is in Jones et al., (2013). 
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The most challenging part of the analysis is the rigorous approach of Wang et al., (2013). They 

build on the above contributions to develop a systematic decomposition of gross exports into value 

added components, which is consistent at bilateral and sectoral levels. This issue of consistency is 

a major one: Wang et al., (2013) show that alternative measures in the literature often breakdown 

or produce results that are difficult to interpret when applied at a disaggregated level. 

Theirapproach is therefore the standard used by international organizations, including ADB. 

However, implementation is complex, so we focus on intuition, understanding, and end use, rather 

than the individual manipulations required to produce the results. 

Our discussion incorporates Stata code to demonstrate the various approaches, typically using 

example datasets. Equivalent code for R is available in the Annex. The code is easily scalable to 

larger implementations using real-world data, but we caution that the Stata code runs very slowly: 

it has been programmed to make learning as easy as possible, rather than optimizing for speed. 

Native matrix languages will typically run much faster than Stata in this context. For real-world 

work with large datasets, we therefore recommend the DecompR package discussed in the Annex. 

 

B. The Leontief Decomposition 
Before working with the Wang et al. (2013) approach, we consider an analytically much simpler 

one that nonetheless uses similar ingredients. We refer to it as the Leontief decomposition, as it is 

essentially an application of well-known insights in input-output analysis to the case of trade. 

The first element we need to consider is an input output (IO) table. An IO table has three basic 

components: a matrix of intermediate goods demand, a matrix of final demand, and a matrix of 

value added or primary inputs. Historically, IO tables were prepared for a single country at a time. 

The concepts can easily be extended to a multi-country case, however. Table 1 presents a basic 

example, taken from Aslam et al., (2017), with two countries and just one sector. In the 

intermediate use matrix, diagonal elements represent domestic use of domestically-sourced 

intermediates, while off diagonal elements represent exports of intermediates. Similarly, in the 

final demand matrix, diagonal elements represent domestic final use of domestic output, while off 

diagonal elements represent exports of final goods and services. As a result, summing elements 

across a row or a column gives each country’s gross output. Gross exports is given by summing 

the relevant off diagonal elements from the intermediate use matrix and the final demand matrix. 
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Table 1. Simple MRIO example 

  Intermediate Use Final Demand Gross 

Output   Country A Country B Country A Country B 

  Sector 1 Sector 1 Sector 1 Sector 1 

Country A Sector 1 Intermediate 

use of 

domestic 

output 

Intermediate 

use by B of 

exports 

from A 

Final use 

of 

domestic 

output 

Final use 

by B of 

exports 

from A 

𝑋𝐴 

Country B Sector 1 Intermediate 

use by A of 

exports 

from B 

Intermediate 

use of 

domestic 

output 

Final use 

by A of 

exports 

from B 

Final use 

of 

domestic 

output 

𝑋𝐵 

Value Added 𝑉𝐴 𝑉𝐵    

Gross Output 𝑋𝐴 𝑋𝐵    
Source: Aslam et al., (2017). 

Considering the row sum approach, we can use matrix algebra to represent the production system 

for G countries and N sectors as follows: 

(1) 𝐴𝑋 + 𝑌 = 𝑋 

Where X is the gross output matrix, A is the matrix of input-output coefficients, and Y is the matrix 

of goods used for final demand. It is immediately clear that AX is the intermediate use matrix as 

in the example above.  

Historically, an important use of IO matrices was to derive demand for inputs and factors of 

production based on scenarios for final production or consumption. As will become clear, equation 

(1) can be manipulated so that it becomes possible to calculate the additional inputs from each 

sector required for an additional unit of output from any given sector. However, this process 

assumes that technology is held constant, that is that inputs are used in the same proportions when 

production is increased. This is an abstraction from reality, where there is substitution among 

inputs and factors of production. A further limitation is that the analysis we are presenting relies 

heavily on technique, but that is not a substitute for high quality data. IO tables are produced based 

on systematic surveys of firms in different sectors of activity, with subsequent aggregation to the 

sectoral level. If those surveys are based on outdated sampling frameworks, or if they exclude 

many firms due to informality, they may produce inaccurate results, which in turn brings into 

question all analytical results produced using these data. Except in very high quality data 

environments, extending national IO tables into their multi-regional counterparts relies on a 

substantial amount of statistical work, including the use of assumptions and approximations. As 

such, data are revised and improved over time. But it is important for analysts to be conscious of 

the potential for unexpected or counterintuitive results, particularly for smaller, lower income 

countries, and especially at a disaggregated level. 
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Putting data issues to one side and focusing on equation (1) from an analytical perspective, we 

rearrange it by grouping terms and solving for X: 

𝑌 = 𝑋 − 𝐴𝑋 = 𝑋(𝐼 − 𝐴) 

(2) ∴ 𝑋 = (𝐼 − 𝐴)−1𝑌 ≡ 𝐵𝑌 

The matrix B is the Leontief inverse. From basic matrix algebra, we know that: 

(3)(𝐼 − 𝐴)−1 = 𝐼 + 𝐴 + 𝐴2 + 𝐴3 +⋯ 

Considering the structure of the A matrix, this means that each element of the Leontief inverse 

captures the full direct and indirect output requirements in one sector of a unit of output from 

another sector. 

In a standard MRIO context, we observe AX but not A. We therefore need to recover A in order 

to form the Leontief inverse. To do that, we use element-wise division. For any element (i,j) of A, 

we have: 

(4)𝑎𝑖𝑗 =
(𝐴𝑋)𝑖𝑗

𝑋𝑖
 

Calculating the elements of A in this way makes it possible to recover the whole matrix, and then 

in turn to calculate the Leontief inverse B. 

We turn next to an analysis of value added. We define �̂� as the matrix of value added shares, or 

the value added coefficients matrix. This matrix is obtained by summing across rows in A, putting 

those elements on the diagonal of a square matrix, and subtracting it from an appropriately 

dimensioned identity matrix. In other words: 

(5)�̂� = 𝐼 − 𝑑𝑖𝑎𝑔 (∑𝑎𝑖,1⋯∑𝑎𝑖,𝐺𝑁

𝐺𝑁

𝑖

𝐺𝑁

𝑖

) 

The next step is to calculate a matrix 𝑇𝑣 as follows: 

(6)𝑇𝑣 = �̂�𝐵𝐸 = [
𝑣1̂ 0 ⋯
0 𝑣2̂ 0
⋮ 0 ⋱

] [
𝑏11 𝑏12 ⋯
𝑏21 𝑏22 ⋯
⋮ ⋮ ⋱

] [
𝑒1 0 ⋯
0 𝑒2 0
⋮ 0 ⋱

] 

Where E is a matrix with gross exports on the diagonal and zeros elsewhere. 

The 𝑇𝑣 matrix contains the value added content of production in each country shipped to each other 

country. In other words, it provides a combination of domestic and foreign value added depending 

on the country pair chosen. Table 2 makes the point clearly. Each diagonal element represents 

domestic value added in exports (DVA), while the sum of the remaining elements in each column 

represents foreign value added in exports (FVA, or backward linkages/participation). Moving 

across rows, the sum of all elements less DVA is domestic value added that is used in the 

production of other countries’ exports (forward linkages, or DVX). To keep the exposition clear, 

the table is presented at the country level, but it can equally well be repeated at the country-sector 

level, subject to some important limitations in terms of the consistency of certain measures, which 

we discuss below. The computation makes it possible to compute summary measures, such as total 
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DVA and FVA. But applying appropriate sums makes it possible to calculate other measures of 

interest, such as FVA for particular regions (e.g., the immediate sub-region and the rest of the 

world), or DVA and FVA from a set of sectors (such as services) only. 

 

Table 2. Value added content of trade matrix 

 Country 1 Country 2 Country 3 … Country N 

Country 1 𝑇𝑣
11 𝑇𝑣

12 𝑇𝑣
13 … 𝑇𝑣

1𝑁 

Country 2 𝑇𝑣
21 𝑇𝑣

22 𝑇𝑣
23 … 𝑇𝑣

2𝑁 

Country 3 𝑇𝑣
31 𝑇𝑣

32 𝑇𝑣
33 … 𝑇𝑣

3𝑁 

…      

Country N 𝑇𝑣
𝑁1 𝑇𝑣

𝑁2 𝑇𝑣
𝑁3 … 𝑇𝑣

𝑁𝑁 
Source:Aslam et al., (2017). 

Numerical Example 

Aslam et al., (2017) provide Matlab code for a numerical example using three countries and four 

sectors.We adapt their code here for use in Stata, and it can easily be translated into other languages, 

such as R, as well. We step through the matrix operations described above, and reinforce the 

intuition behind them, as well as stress the interpretation of results. Table 3 shows the example 

MRIO, where we have replaced numerical indices with names: country 1 is Thailand, country 2 is 

China, and country 3 is Mexico, while the sectors are (in numerical order): agriculture; electrical 

equipment; transport equipment; and financial services. All data are purely fictional, used for 

example purposes only, and should not be used for any real-world analysis.  
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Table 3. 3x4 example MRIO 

 

Source: Aslam et al., (2017). 
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First, we set up the Stata workspace using standard comments (with the directory to be adapted 

to each user’s working directory): 

clear all 

set more off 

capture log close 

cd "/Users/benshepherd/Dropbox/Documents/Documents/Ben/Business/Substance 

2020/UNESCAP/GVCs Part 2/Data/Training data/" 

log using "Example.txt", text replace 

 

Next, we read in the 3x4 MRIO from the supplied sample file, and rename variables to make 

tracking operations and output easier: 

* Set up data 

 

import excel "Example MRIO 3x4.xlsx", sheet("Example MRIO 3x4") cellrange(A3:R14) clear 

 

/// Make the example data easier to read; unnecessary for real world data. 

rename A exporter 

rename B sector_exp 

rename C t_thailand1 

rename D t_thailand2 

rename E t_thailand3 

rename F t_thailand4 

rename G t_china1 

rename H t_china2 

rename I t_china3 

rename J t_china4 

rename K t_mexico1 

rename L t_mexico2 

rename M t_mexico3 

rename N t_mexico4 

rename O fd_thailand 

rename P fd_china 

rename Q fd_mexico 
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rename R total 

replace exporter = lower(exporter) 

 

Next, we set the G (countries) and N (sectors) dimensions: 

/// Set dimensions 

egen countries = group(exporter) 

egen temp = max(countries) 

global G = temp 

drop temp 

egen sectors = group(sector_exp) 

egen temp = max(sectors) 

global N = temp 

drop temp 

global GN = $G*$N 

 

We can then perform a simple check on the data to ensure that row sums in the MRIO in fact 

correspond to recorded gross output: 

egen check = rowtotal(t_* fd_*) 

gen discrepancy = total - check 

summ discrepancy 

drop discrepancy check  

 

We now need to define an intermediate transactions matrix (AX), which we call T: 

/// Generateintermediate transactions matrix globally 

mkmat t_*, matrix(T) 

svmat T 
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Output from this stage indeed gives the T and FD matrices we expect: 

 

Table 4. T matrix 

346 156 95 594 819 154 832 397 409 562 241 554 

354 443 7 908 42 92 561 839 470 770 83 368 

291 795 243 825 753 2 340 232 251 605 526 610 

637 259 289 813 500 716 947 645 856 221 898 41 

547 466 910 276 518 149 779 553 197 285 305 828 

752 936 822 638 611 496 98 924 608 689 872 972 

295 444 7 828 929 535 367 257 890 429 641 26 

113 518 791 459 79 748 254 218 586 673 424 157 

46 457 552 572 632 680 730 607 796 186 15 958 

962 96 544 96 675 113 711 337 787 571 241 211 

531 190 686 191 374 615 788 738 351 32 565 622 

857 776 897 18 915 482 308 458 253 145 982 270 

 

Now we can step through the elements of the Leontief decomposition presented above. First, 

we rearrange gross output into a set of series, one per country-sector, so that element-wise 

division to create the matrix of technical coefficients is straightforward, using Stata series 

operations rather than matrix operations: 

/// Rearrange gross output 

forvaluesi = 1(1)$GN { 

 gen xt`i' = total[`i'] 

} 

 

/// Calculate matrix of technical coefficients 

forvaluesi = 1(1)$GN { 

 gen A`i' = T`i' / xt`i' 

} 

 

Table 5 shows the first output from this stage, namely the set of xt series. It is easy to verify that 

each cell in column 1 of Xt is 6901 = 1585 + 3104 + 2212, i.e. the sum of the first row in X. 

 

Table 5. Xt matrix 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 
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6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

6901 6657 7519 7867 7865 9511 7118 6676 7083 6445 7325 8612 

 

Table 6 shows the result of diving the intermediate transactions series by the xt series, namely 

the matrix (in series form) of technical coefficients. Again taking cell (1,1), we can see that 

0.050 = 346/6901.  

 

Table 6. A matrix 

0.050 0.023 0.013 0.076 0.104 0.016 0.117 0.059 0.058 0.087 0.033 0.064 

0.051 0.067 0.001 0.115 0.005 0.010 0.079 0.126 0.066 0.119 0.011 0.043 

0.042 0.119 0.032 0.105 0.096 0.000 0.048 0.035 0.035 0.094 0.072 0.071 

0.092 0.039 0.038 0.103 0.064 0.075 0.133 0.097 0.121 0.034 0.123 0.005 

0.079 0.070 0.121 0.035 0.066 0.016 0.109 0.083 0.028 0.044 0.042 0.096 

0.109 0.141 0.109 0.081 0.078 0.052 0.014 0.138 0.086 0.107 0.119 0.113 

0.043 0.067 0.001 0.105 0.118 0.056 0.052 0.038 0.126 0.067 0.088 0.003 

0.016 0.078 0.105 0.058 0.010 0.079 0.036 0.033 0.083 0.104 0.058 0.018 

0.007 0.069 0.073 0.073 0.080 0.071 0.103 0.091 0.112 0.029 0.002 0.111 

0.139 0.014 0.072 0.012 0.086 0.012 0.100 0.050 0.111 0.089 0.033 0.025 

0.077 0.029 0.091 0.024 0.048 0.065 0.111 0.111 0.050 0.005 0.077 0.072 

0.124 0.117 0.119 0.002 0.116 0.051 0.043 0.069 0.036 0.022 0.134 0.031 

 

It is then straightforward to calculate the Leontief inverse for the MRIO, now that the matrix of 

technical coefficients is available, using the equation set out above: 

/// Calculate global Leontief inverse 

mkmat A*, matrix(A) 

matrix Eye = I($GN) 

matrix B = inv(Eye-A) 

svmat B 
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Table 7 shows results. The interpretation of this matrix is crucial. Cell (1,1) indicates for an 

extra unit of final demand in country 1 sector 1, production in country 1 sector 1 needs to rise 

by 1.272 units, while production in country 1 sector 2 needs to rise by 0.241 units, etc., after 

accounting for all direct and indirect (knock-on) effects.  

 

Table 7. Leontief inverse matrix B 

1.272 0.241 0.223 0.295 0.349 0.159 0.389 0.306 0.321 0.304 0.243 0.236 

0.266 1.276 0.201 0.336 0.237 0.154 0.346 0.367 0.334 0.340 0.214 0.203 

0.279 0.346 1.250 0.338 0.345 0.147 0.340 0.302 0.308 0.324 0.291 0.250 

0.378 0.333 0.317 1.408 0.384 0.274 0.497 0.436 0.477 0.326 0.404 0.243 

0.319 0.318 0.346 0.282 1.333 0.167 0.401 0.351 0.307 0.290 0.274 0.285 

0.464 0.499 0.449 0.437 0.457 1.278 0.448 0.544 0.497 0.468 0.453 0.396 

0.286 0.309 0.237 0.354 0.381 0.218 1.360 0.326 0.420 0.306 0.316 0.205 

0.235 0.299 0.309 0.282 0.246 0.216 0.300 1.283 0.342 0.327 0.262 0.195 

0.268 0.348 0.329 0.345 0.370 0.245 0.418 0.393 1.426 0.295 0.258 0.323 

0.360 0.239 0.284 0.242 0.344 0.154 0.383 0.301 0.380 1.317 0.239 0.210 

0.310 0.277 0.319 0.268 0.310 0.221 0.394 0.379 0.327 0.246 1.310 0.264 

0.383 0.384 0.368 0.271 0.400 0.213 0.367 0.372 0.333 0.292 0.379 1.249 

 

The value added shares matrix requires a little more work. First, we sum the columns of the 

technical coefficients matrix.ก Then we extract the sums and place them on a diagonal matrix, 

which we subtract from an appropriately dimensioned identity matrix, from above: 

/// Calculate value added shares matrix 

forvaluesi = 1(1)$GN{ 

 egentemp`i' = sum(A`i') 

} 

mkmat temp*, matrix(temp) 

matrix temp2 = temp[1..1,1..12] 

matrixVhat = Eye - diag(temp2) 

drop temp* 

 

Results are in Table 8 and can again easily be verified by hand.  

 

Table 8. Matrix of value added shares �̂� 

0.170 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

0.000 0.168 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 
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0.000 0.000 0.223 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

0.000 0.000 0.000 0.210 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

0.000 0.000 0.000 0.000 0.129 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

0.000 0.000 0.000 0.000 0.000 0.497 0.000 0.000 0.000 0.000 0.000 0.000 

0.000 0.000 0.000 0.000 0.000 0.000 0.057 0.000 0.000 0.000 0.000 0.000 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.071 0.000 0.000 0.000 0.000 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.089 0.000 0.000 0.000 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.198 0.000 0.000 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.209 0.000 

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.348 

 

Next, we construct a vector of exports by using the final demand and intermediate transactions 

matrices, and excluding transactions that take place within a single country: 

/// Extract export vector 

gen exports = . 

foreach i in thailand china mexico { 

 egen temp = rowtotal(t_`i'*) 

 replace exports = total - fd_`i' - temp if exporter == "`i'" 

 drop temp 

} 

mkmat exports, matrix(E) 

 

Results are in Table 9: 

Table 9. Export vector by country-sector 

5316 

4431 

4981 

5778 

5301 

7173 

4611 

5022 

4934 

4027 

5196 

6233 
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Now we have all the ingredients we need to calculate the value added decomposition, which we 

save: 

/// Calculate the value added trade matrix 

matrix Tv = Vhat * B * diag(E) 

svmat Tv 

keep exporter sector_exp Tv* 

save "Tv matrix.dta", replace 

 

Results in Table 10 contain the full set of value added contributions by country-sector. 

Aggregate measures can easily be calculated by summing. For instance, total domestic value 

added in exports (DVA) in Sector 1 from Country 1 is obtained by summing the first four cells 

of the first column, 1146.33 + 237.96 +330.81 +421.18 = 2136.28. FVA can be calculated by 

subtracting DVA from total exports, i.e. the sum of column 1 5136.00 – 2136.28 = 3179.72. 

Both numbers can be converted to percentage shares by dividing through by gross exports, 

although caution is required with this approach for reasons we set out below. 

 

Table 10. Value added trade matrix 𝑻𝒗 

1146.33 181.30 188.16 289.18 313.71 193.49 304.35 260.26 268.41 207.37 214.06 249.03 

237.96 951.85 168.80 326.76 211.54 186.11 268.33 310.31 277.91 230.31 187.30 212.77 

330.81 341.91 1387.33 435.82 407.48 234.80 349.10 337.75 338.86 291.16 336.58 347.59 

421.18 309.68 330.64 1705.48 427.10 412.49 479.99 458.68 492.81 274.99 440.42 317.31 

219.23 182.39 222.91 211.17 914.83 154.91 239.29 228.17 196.20 151.37 184.11 229.55 

1227.14 1098.41 1112.56 1256.01 1205.32 4556.53 1027.81 1358.10 1218.66 936.21 1170.62 1228.40 

85.95 77.49 66.82 115.90 114.48 88.63 355.08 92.59 117.20 69.85 92.91 72.27 

88.23 93.48 108.45 114.97 91.82 109.34 97.48 454.65 119.20 93.00 96.07 85.55 

126.51 137.01 145.55 176.82 174.03 156.23 171.17 175.35 624.65 105.48 119.27 178.97 

379.71 209.53 279.99 276.93 360.86 218.79 349.86 299.36 371.60 1050.83 245.89 259.43 

344.14 256.50 332.66 323.86 343.16 330.93 380.10 397.97 337.16 207.14 1423.40 343.66 

708.80 591.46 637.14 545.09 736.66 530.73 588.44 648.83 571.33 409.28 685.35 2708.45 

 

The matrix in its current (wide) form can be used for interpretative purposes in the way indicated 

above. But as Stata’s most common analytical unit is the series rather than the matrix, it can be 

helpful from a data management point of view to reshape the data into long (list) format:2  

/// Convert to long format using indices 

egen id = fill(1 2) 

 
2 Note that we use the package greshape, part of gtools, rather than Stata’s standard reshape function, as it is much 

faster on large datasets. The package can easily be installed by typing “findit gtools” and following the prompts to 

install it. 
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keep exporter sector_exp id 

rename exporter importer 

rename sector_expsector_imp 

save "ID.dta", replace 

 

use "Tv matrix.dta", clear 

greshape long Tv, i(exporter sector_exp) j(id) 

merge m:1 id using "ID.dta", keep(match master) 

summ _merge 

drop _merge id 

save "Tv list.dta", replace 

 

The output is now a familiar list pairing exporting and importing countries and producing and 

using sectors. It can easily be manipulated to produce policy-relevant results focusing on 

particular linkages that are of interest. 

 

C. The Wang et al., (2013) Decomposition 
The Leontief approach described above is attractive because it is highly intuitive, uses well-

established concepts, and is straightforward to implement, even with large datasets. The 

methodology as presented provides consistent results at an aggregate level, i.e. when the element 

of analysis is a single country in relation to all other countries in the system, and all sectors are 

aggregated into total trade. In this special case, DVA, FVA, and DVX all have their standard 

interpretations, and can be expressed as percentages of gross exports without difficulty. 

Once disaggregation is introduced, however, the simple decomposition starts to break down. 

While all countries have some exports at an aggregate level, they may record zero gross value 

exports with particular partners. As such, all of the above measures will be undefined when 

expressed relative to gross exports. More fundamentally, a sector without gross exports can still 

participate indirectly in the exports of a country’s other sectors. For instance, even if a country 

does not record any exports of financial services with a particular partner, there is surely still 

some use of financial services in the production of, for example, exports of manufactured goods. 

But this measure breaks down again because of the denominator being gross exports, which are 

zero. Finally, it is frequent using disaggregated data that DVX is recorded as greater than gross 

exports, which produces ratios that are impossible to interpret intuitively. 

It is criticisms like these that motivate the Wang et al., (2013) approach. While it still makes 

extensive use of the Leontief insight, the approach is fundamentally different. In some ways, it 

can be likened to an accounting exercise. Conceptually, it divides gross exports up into sixteen 

components, which can be grouped together into a number of aggregates. For policy purposes, 

it is typically the major aggregates that are the most straightforward to interpret. But the starting 

point is a rigorous accounting decomposition of gross exports at a disaggregated level based on 

both value added origin and place of absorption. As such, this approach makes it possible to 
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identify DVA, FVA, and PDC in a consistent way, even at a disaggregated level, in addition to 

a number of subcategories within each aggregate.  

Figure 6 sets out the approach. It shows how conceptually, gross exports consist either of 

domestic value added absorbed abroad, domestic value added exported but eventually returned, 

foreign value added, or double counting. Moving further down the chart then shows the 

individual elements of those aggregates, with the numbers relating to particular terms in the 

Wang et al., (2013) decomposition.3 

 

Figure 6. Wang et al. (2013) decomposition of gross exports 

 

The analysis in Wang et al., (2013) is highly technical. We therefore focus on understanding the 

basic elements; interpretation of the major aggregates is straightforward if the basic Leontief 

insight is understood. 

The Leontief inverse defined above (B) is termed by Wang et al., (2013) the “global Leontief 

inverse”, in the sense that it tracks input requirements across all countries and all sectors. But 

for their purposes, it is useful to define country-pair submatrices of B. For instance, matrix Bsr 

is the extract of matrix B that captures input use by country s from country r. To see what this 

means, we can consider a simple example with three countries, s r and t, and two sectors, 1 and 

2. The global Leontief matrix is as follows: 

 
3
The original version of Wang et al. (2013) identifies 16 individual elements (terms). The 2018 updated version, 

which we follow here, focuses on eight categories The two approaches are fully compatible, in the sense that the 

eight categories shown here are effectively broken up into additional components in the original 2013 version. 
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𝐵 =

[
 
 
 
 
 
 
𝐵11
𝑠𝑠 𝐵12

𝑠𝑠 𝐵11
𝑠𝑟 𝐵12

𝑠𝑟 𝐵11
𝑠𝑡 𝐵12

𝑠𝑡

𝐵21
𝑠𝑠 𝐵22

𝑠𝑠 𝐵21
𝑠𝑟 𝐵22

𝑠𝑟 𝐵21
𝑠𝑡 𝐵22

𝑠𝑡

𝐵11
𝑟𝑠 𝐵12

𝑟𝑠 𝐵11
𝑟𝑟 𝐵12

𝑟𝑟 𝐵11
𝑟𝑡 𝐵12

𝑟𝑡

𝐵21
𝑟𝑠 𝐵22

𝑟𝑠 𝐵21
𝑟𝑟 𝐵22

𝑟𝑟 𝐵21
𝑟𝑡 𝐵22

𝑟𝑡

𝐵11
𝑡𝑠 𝐵12

𝑡𝑠 𝐵11
𝑡𝑟 𝐵12

𝑡𝑟 𝐵11
𝑡𝑡 𝐵12

𝑡𝑡

𝐵21
𝑡𝑠 𝐵22

𝑡𝑠 𝐵21
𝑡𝑟 𝐵22

𝑡𝑟 𝐵21
𝑡𝑡 𝐵22

𝑡𝑡 ]
 
 
 
 
 
 

 

Submatrices are then defined by the use of appropriate superscripts, for example: 

𝐵𝑠𝑟 = [
𝐵11
𝑠𝑟 𝐵12

𝑠𝑟

𝐵21
𝑠𝑟 𝐵22

𝑠𝑟] 

They also define a local Leontief matrix, which is extracted from B by limiting consideration to 

a single country at a time. It captures input use from domestic sources only but covering all 

sectors. Taking the above matrix B as an example, its corresponding local Leontief inverse L is 

defined as follows: 

𝐿 =

[
 
 
 
 
 
 
𝐵11
𝑠𝑠 𝐵12

𝑠𝑠 0 0 0 0

𝐵21
𝑠𝑠 𝐵22

𝑠𝑠 0 0 0 0

0 0 𝐵11
𝑟𝑟 𝐵12

𝑟𝑟 0 0

0 0 𝐵21
𝑟𝑟 𝐵22

𝑟𝑟 0 0

0 0 0 0 𝐵11
𝑡𝑡 𝐵12

𝑡𝑡

0 0 0 0 𝐵21
𝑡𝑡 𝐵22

𝑡𝑡 ]
 
 
 
 
 
 

 

Again, submatrices of L are defined by using appropriate subscripts, so the upper elements are 

Lss, as the local Leontief matrix is only non-zero when the producing and using countries are 

the same. 

Using E to indicate exports (with two country superscripts indicating a bilateral relationship, 

while a star indicates total exports of the listed country), V to indicate value added shares, Y to 

indicate final demand, X to indicate gross output, and A to indicate the matrix of technical 

coefficients, and where the * operator indicates elementwise multiplication of matrices, the full 

Wang et al., (2013) decomposition, following the notation in the 2018 version of the paper, is 

as follows: 

𝐸𝑠𝑟 = 𝐷𝑉𝐴 + 𝐹𝑉𝐴 + 𝑃𝐷𝐶 

𝐷𝑉𝐴 = (𝑉𝑠𝐵𝑠𝑠)′ ∗ 𝑌𝑠𝑟⏟          
𝐷𝑉𝐴𝐹𝐼𝑁

+ (𝑉𝑠𝐿𝑠𝑠)′ ∗ (𝐴𝑠𝑟𝐵𝑟𝑟𝑌𝑟𝑟)⏟                
𝐷𝑉𝐴𝐼𝑁𝑇

 

+(𝑉𝑠𝐿𝑠𝑠)′ ∗ [𝐴𝑠𝑟 ∑ 𝐵𝑟𝑡𝑌𝑡𝑡 + 𝐴𝑠𝑟𝐵𝑟𝑟 ∑ 𝑌𝑟𝑡
𝐺

𝑡≠𝑠,𝑟

+ 𝐴𝑠𝑟 ∑ 𝐵𝑟𝑡 ∑ 𝑌𝑡𝑢
𝐺

𝑢≠𝑠,𝑡

𝐺

𝑡≠𝑠,𝑟

𝐺

𝑡≠𝑠,𝑟

]  

+(𝑉𝑠𝐿𝑠𝑠)′ ∗ [𝐴𝑠𝑟𝐵𝑟𝑟𝑌𝑟𝑠 + 𝐴𝑠𝑟 ∑ 𝐵𝑟𝑡𝑌𝑡𝑠 + 𝐴𝑠𝑟𝐵𝑟𝑠𝑌𝑠𝑠
𝐺

𝑡≠𝑠,𝑟

] 

𝐹𝑉𝐴 = (𝑉𝑟𝐵𝑟𝑠)′ ∗ 𝑌𝑠𝑟 + [(∑ 𝑉𝑡𝐵𝑡𝑠
𝐺

𝑡≠𝑠,𝑟

)

′

∗ 𝑌𝑠𝑟] 
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+(𝑉𝑟𝐵𝑟𝑠)′ ∗ (𝐴𝑠𝑟𝐿𝑟𝑟𝑌𝑟𝑟) + (∑ 𝑉𝑡𝐵𝑡𝑠
𝐺

𝑡≠𝑠,𝑟

)

′

∗ (𝐴𝑠𝑟𝐿𝑟𝑟𝑌𝑟𝑟) 

𝑃𝐷𝐶 = (𝑉𝑠𝐿𝑠𝑠)′ ∗ (𝐴𝑠𝑟𝐵𝑟𝑠 ∑ 𝑌𝑠𝑡
𝐺

𝑡≠𝑠,𝑟

) + (𝑉𝑠𝐿𝑠𝑠 ∑ 𝐴𝑠𝑡𝐵𝑡𝑠
𝐺

𝑡≠𝑠,𝑟

)

′

∗ (𝐴𝑠𝑟𝑋𝑟) 

+(𝑉𝑟𝐵𝑟𝑠)′ ∗ (𝐴𝑠𝑟𝐿𝑟𝑟𝐸𝑟∗) + (∑ 𝑉𝑡𝐵𝑡𝑠
𝐺

𝑡≠𝑠,𝑟

)

′

∗ (𝐴𝑠𝑟𝐿𝑟𝑟𝐸𝑟∗) 

For a detailed derivation of these terms, as well as an explanation of the algebra and accounting 

concepts lying behind them, reference is made to Wang et al., (2013). For practical, purposes, 

the important point is to retain the high level decomposition, and to be aware of the different 

concept used in deriving this result, namely consistency between measures of production 

sharing on the one hand, and patterns of value added at a sectoral level and absorption by country 

on the other. 

 

Numerical Example 

To make the analysis more practical, we provide a simple numerical example, again using Stata 

code for the 3x4 example used above. We again stress that the code is designed to make the 

operations as transparent as possible for instructional purposes. It is far too slow to run in real-

world settings, as it has not been optimized for speed. ADB has made available the full Wang 

et al., (2013) decomposition of their MRIO. For alternative uses, the R package Decompr is 

straightforward to use, and works reasonably quickly in empirically relevant settings. 

After clearing the workspace, turning on a log file, and conducting housekeeping as above, we 

import the data, and set up the dimensions of the problem (which can easily be adapted for other 

problems). We also rename variables to make looping easier: 

/// Set cell range manually 

import excel "3x4 model.xlsx", clear 

 

/// Make the example data easier to process in loops and commands by renaming columns 

(variables). 

local i = 1 

foreach var of varlist _all { 

 rename `var' var`i' 

 local i = `i' + 1 

} 

egen id = fill(1 2) 

 

/// Set dimensions manually 
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global G = 3 

global N = 4 

global GN = $G*$N 

 

/// Verify gross output as the sum of the other columns 

global all = $GN + $G 

global total = $GN + $G + 1 

egen temp = rowtotal(var1-var$all) 

gen temp2 = var$total - temp 

summ temp2 

drop temp* 

 

The next step is to set up the building blocks of the Wang, Wei, and Zhu (WWZ) decomposition, 

namely exports, gross output, final demand, technical coefficients, value added shares, and the 

Leontief inverse. As appropriate, we define submatrices as above by extracting the relevant 

elements: 

/// Extract exports and extract submatrices 

gen exports = . 

local k = 1 

forvaluesi = 1($N)$GN { 

 local j = `i' + $N - 1 

 local fd = $GN + `k' 

 egen temp = rowtotal(var`i'-var`j') 

 replace exports = var$total - var`fd' - temp if id >= `i' & id <= `j' 

 drop temp 

 local k = `k' + 1 

} 

mkmat exports, matrix(Estar) 

forvaluesi = 1(1)$G { 

 local k = (`i'-1)*$N + 1 

 local l = (`i'-1)*$N + $N 

 matrix Estar_`i' = Estar[`k'..`l', 1..1] 

} 
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/// Extract gross output and extract submatrices 

gen X = . 

local k = 1 

forvaluesi = 1($N)$GN { 

 local j = `i' + $N - 1 

 replace X = var$total if id >= `i' & id <= `j' 

 local k = `k' + 1 

} 

mkmat X, matrix(X) 

forvaluesi = 1(1)$G { 

 local k = (`i'-1)*$N + 1 

 local l = (`i'-1)*$N + $N 

 matrix X_`i' = X[`k'..`l', 1..1] 

} 

 

/// Extract final demand 

forvaluesi = 1(1)$G { 

 local j = $GN + `i' 

 genfd`i' = var`j' 

 mkmatfd*, matrix(Y) 

} 

forvaluesi = 1(1)$G { 

 forvalues j = 1(1)$G { 

  local k = (`j'-1)*$N + 1 

  local l = (`j'-1)*$N + $N 

  matrixY_`j'_`i' = Y[`k'..`l', `i'..`i'] 

 } 

} 

 

/// Calculate matrix of technical coefficients and extract local sub-matrices 

mkmat var1-var$GN, matrix(T) 
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svmat T 

forvalues i = 1(1)$GN { 

 genxt`i' = var$total[`i'] 

} 

forvaluesi = 1(1)$GN { 

 gen A`i' = T`i' / xt`i' 

} 

mkmat A*, matrix(A) 

forvaluesi = 1(1)$G { 

 local k = (`i'-1)*$N + 1 

 local l = (`i'-1)*$N + $N 

 forvalues j = 1(1)$G { 

  local m = (`j'-1)*$N + 1 

  local n = (`j'-1)*$N + $N 

  matrix A_`i'_`j' = A[`k'..`l', `m'..`n'] 

 } 

} 

 

// Calculate value added shares and levels and extract row vectors; save value added vector. 

forvaluesi = 1(1)$GN { 

 egentemp`i' = sum(A`i') 

} 

mkmat temp*, matrix(temp) 

matrix temp2 = temp[1..1,1..$GN] 

matrix Eye = I($GN) 

matrix Vhat = Eye - diag(temp2) 

drop temp* 

forvaluesi = 1(1)$G{ 

 local j = (`i'-1)*$N + 1 

 local k = (`i'-1)*$N + $N 

 matrix temp = Vhat[`j'..`k', `j'..`k'] 

 matrix Vhat_`i' = vecdiag(temp) 
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 svmatVhat_`i' 

} 

gen VA = . 

forvaluesi = 1(1)$GN { 

 egen temp = sum(T`i') 

 replace VA = xt`i' - temp if id == `i' 

 drop temp 

} 

save "temp.dta", replace 

keep id VA 

save "Value added vector.dta", replace 

 

/// Generate the global Leontief inverse and extract submatrices 

use "temp.dta", clear 

matrix Eye = I($GN) 

matrix B = inv(Eye-A) 

forvaluesi = 1(1)$G { 

 local k = (`i'-1)*$N + 1 

 local l = (`i'-1)*$N + $N 

 forvalues j = 1(1)$G { 

  local m = (`j'-1)*$N + 1 

  local n = (`j'-1)*$N + $N 

  matrix B_`i'_`j' = B[`k'..`l', `m'..`n'] 

 } 

} 

 

/// Generate the local Leontief inverses 

matrix Eye = I($N) 

forvaluesi = 1(1)$G { 

 forvalues j = 1(1)$G { 

  matrix L_`i'_`j' = inv(Eye-A_`i'_`j') 

 } 
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} 

 

With all the ingredients in place, we calculate the individual terms in the Wang et al., (2013) 

decomposition, using the notation from the 2018 version of the paper, and looping over 

countries and sectors as required: 

forvaluesi = 1(1)$G { 

 forvalues j = 1(1)$G { 

  if `j' == `i' continue  

   

  /// Term 1 - DVA_FIN 

  matrix term1_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`i'*B_`i'_`i' 

  matrix temp2 = temp1' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix term1_`i'_`j'_[`w',`z'] = temp2[`w',`z'] * Y_`i'_`j'[`w',`z'] 

   } 

  } 

  svmat term1_`i'_`j'_ 

 

  /// Term 2 - DVA_INT 

  matrix term2_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`i'*L_`i'_`i' 

  matrix temp2 = temp1' 

  matrix temp3 = A_`i'_`j'*B_`j'_`j'*Y_`j'_`j' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix term2_`i'_`j'_[`w',`z'] = temp2[`w',`z'] * temp3[`w',`z'] 



 

32 
 

   } 

  } 

  svmat term2_`i'_`j'_ 

 

  /// Term 3 - DVA_INTrex 

  matrix term3_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`i'*L_`i'_`i' 

  matrix temp2 = temp1' 

  matrix temp3 = J($N,1,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp3 = temp3 + B_`j'_`k'*Y_`k'_`k' 

  } 

  matrix temp3 = A_`i'_`j' * temp3 

  matrix temp4 = J($N,1,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp4 = temp4 + Y_`j'_`k' 

  } 

  matrix temp4a = A_`i'_`j'*B_`j'_`j'*temp4 

  matrix temp5 = J($N,$N,0) 

  matrix temp6 = J($N,1,0) 

  matrixtempsum = J($N,1,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp5 = temp5 + B_`j'_`k' 

   forvalues l = 1(1)$G { 

    if `l' == `i' continue 

    if `l' == `k' continue 
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    matrix temp6 = temp6 + Y_`k'_`l' 

   } 

   matrix temp7 = temp5*temp6 

   matrixtempsum = tempsum + temp7 

  } 

  matrix temp8 = A_`i'_`j' * tempsum 

  matrix temp9 = temp3 + temp4a + temp8 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix term3_`i'_`j'_[`w',`z'] = temp2[`w',`z'] * temp9[`w',`z'] 

   } 

  } 

  svmat term3_`i'_`j'_ 

   

  /// Term 4 - RDV_G 

  matrix term4_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`i'*L_`i'_`i' 

  matrix temp2 = temp1' 

  matrix temp3 = J($N,1,0)   

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp3 = temp3 + B_`j'_`k'*Y_`k'_`i' 

  } 

  matrix temp4 = A_`i'_`j'*temp3 

  matrix temp5 = A_`i'_`j'*B_`j'_`j'*Y_`j'_`i' + A_`i'_`j'*temp3 + 

A_`i'_`j'*B_`j'_`i'*Y_`i'_`i' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  forvalues w = 1(1)`r' { 



 

34 
 

   forvalues z = 1(1)`c' { 

    matrix term4_`i'_`j'_[`w',`z'] = temp2[`w',`z'] * temp5[`w',`z'] 

   } 

  } 

  svmat term4_`i'_`j'_ 

   

  /// Term 5 - DDC 

  matrix term5_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`i'*L_`i'_`i'  

  matrix temp2 = temp1' 

  matrix temp3 = J($N,1,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   matrix temp3 = temp3 + Y_`i'_`k' 

  } 

  matrix temp4 = A_`i'_`j'*B_`j'_`i'*temp3 

  matrix temp5 = J($N,$N,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   matrix temp5 = temp5 + A_`i'_`k'*B_`k'_`i' 

  } 

  matrix temp6 = temp1*temp5 

  matrix temp7 = temp6' 

  matrix temp8 = A_`i'_`j'*X_`j' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  matrix temp9 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp9[`w',`z'] = temp7[`w',`z'] * temp8[`w',`z'] 

   } 

  } 
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  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  matrix temp10 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp10[`w',`z'] = temp2[`w',`z'] * temp4[`w',`z'] 

   } 

  } 

  matrix term5_`i'_`j'_ = temp9 + temp10 

  svmat term5_`i'_`j'_ 

 

  /// Term 6 - FVA_FIN 

  matrix term6_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`j'*B_`j'_`i'  

  matrix temp2 = temp1' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  matrix temp3 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp3[`w',`z'] = temp2[`w',`z'] * Y_`i'_`j'[`w',`z'] 

   } 

  } 

  matrix temp4 = J(1,$N,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp4 = temp4 + Vhat_`k'*B_`k'_`i' 

  } 

  matrix temp5 = temp4' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 
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  matrix temp6 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp6[`w',`z'] = temp5[`w',`z'] * Y_`i'_`j'[`w',`z'] 

   } 

  } 

  matrix term6_`i'_`j'_ = temp3 + temp6 

  svmat term6_`i'_`j'_ 

 

  /// Term 7 - FVA_INT 

  matrix term7_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`j'*B_`j'_`i'  

  matrix temp2 = temp1' 

  matrix temp3 = A_`i'_`j'*L_`j'_`j'*Y_`j'_`j' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  matrix temp4 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp4[`w',`z'] = temp2[`w',`z'] * temp3[`w',`z'] 

   } 

  } 

  matrix temp5 = J(1,$N,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp5 = temp5 + Vhat_`k'*B_`k'_`i' 

  } 

  matrix temp6 = temp5' 

  matrix temp7 = A_`i'_`j'*L_`j'_`j'*Y_`j'_`j' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 
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  matrix temp8 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp8[`w',`z'] = temp6[`w',`z'] * temp7[`w',`z'] 

   } 

  } 

  matrix term7_`i'_`j'_ = temp4 + temp8 

  svmat term7_`i'_`j'_ 

   

  /// Term 8 - FDC 

  matrix term8_`i'_`j'_ = J($N,1,0) 

  matrix temp1 = Vhat_`j'*B_`j'_`i'  

  matrix temp2 = temp1' 

  matrix temp3 = A_`i'_`j'*L_`j'_`j'*Estar_`j' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 

  matrix temp4 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp4[`w',`z'] = temp2[`w',`z'] * temp3[`w',`z'] 

   } 

  } 

  matrix temp5 = J(1,$N,0) 

  forvalues k = 1(1)$G { 

   if `k' == `i' continue 

   if `k' == `j' continue 

   matrix temp5 = temp5 + Vhat_`k'*B_`k'_`i' 

  } 

  matrix temp6 = temp5' 

  matrix temp7 = A_`i'_`j'*L_`j'_`j'*Estar_`j' 

  local r = rowsof(temp2) 

  local c = colsof(temp2) 



 

38 
 

  matrix temp8 = J($N,1,0) 

  forvalues w = 1(1)`r' { 

   forvalues z = 1(1)`c' { 

    matrix temp8[`w',`z'] = temp6[`w',`z'] * temp7[`w',`z'] 

   } 

  } 

  matrix term8_`i'_`j'_ = temp4 + temp8 

  svmat term8_`i'_`j'_ 

 } 

} 

 

The output is not easily used in policy applications, so some simple operations are required to 

put it in a more amenable format, typically long (list) format: 

keep id term* 

drop if term1_1_2 == . 

greshape long term, i(id) j(id2) string 

split id2, p(_) 

rename term value 

rename id21 term 

destring term, replace 

drop id24 

rename id22 exporter 

rename id23 importer 

destring exporter, replace 

destring importer, replace 

drop if exporter == importer 

rename id sector 

drop id2 

sort exporter importer sector term 

egen id = group(exporter sector) 

merge m:1 id using "value added vector.dta", keep(match master) 

summ _merge 
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drop _merge 

gen term_code = "" 

replace term_code = "DVA_FIN" if term == 1 

replace term_code = "DVA_INT" if term == 2 

replace term_code = "DVA_INTRex" if term == 3 

replace term_code = "RDV_G" if term == 4 

replace term_code = "DDC" if term == 5 

replace term_code = "FVA_FIN" if term == 6 

replace term_code = "FVA_INT" if term == 7 

replace term_code = "FDC" if term == 8 

egenexports_gross = sum(value), by(exporter importer sector) 

save "3x4 WWZ list format full.dta", replace 

 

Extracting data from this file provides the final results of the exercise. For instance, DVA for 

exporter 1 importer 2 and sector 1 is 615.25, compared with 1,071.81 from the basic Leontief 

approach. The difference between the two is accounted for by the Wang et al., (2013) approach’s 

consistency with adding up constraints at a disaggregated level, as well as a more sophisticated 

treatment of double counting.
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III. CONDUCTING POLICY ANALYSIS 
 

The focus of this user guide is on understanding the mechanics of decomposing gross value 

trade flows into value added components. But an important related question is how to use the 

results of such an analysis to inform policy. Unlike the decomposition itself, where there is a 

canonical approach, policy analysis is a much more open field. This section therefore proposes 

some possible directions for research. 

 

A. Descriptive Analysis 
Application of the Wang et al., (2013) decomposition produces 16 distinct terms that make up 

the eight aggregates discussed above. However, in policy work, it is typically neither necessary 

nor desirable to discuss each of these elements in detail. Instead, it is more informative to work 

with the major categories that provide important information about GVC involvement: DVA, 

FVA, DVA_INTRex, and PDC. Higher proportions of the last three indicators in gross exports 

are typically interpreted as indicating a greater extent of GVC trade, with the relative dispersion 

across the different indicators providing information about the split between backward and 

forward participation. 

The first step, then, is to create these aggregates from the 16 term decomposition. Doing so is 

straightforward, and involves only addition. As an example, we use the ADB Wang et al. (2013) 

decomposition for the 73 country 36 sector MRIO. The first step is to load the data for all years 

and merge country and sector names: 

foreach y in 2007 2011 2017 { 

 import delimited 

"/Users/benshepherd/Dropbox/Documents/Documents/Ben/Business/Substance 

2020/UNESCAP/GVCs Part 2/Data/ADB-MRIO-LAC-WWZ-Decomposition-`y'.csv", 

encoding(UTF-8) rowrange(1:186516) colrange(1:21) clear 

 drop v1 

 rename home_country exporter 

 rename foreign_country importer 

 drop if exporter == importer 

 merge m:1 exporter using 

"/Users/benshepherd/Dropbox/Documents/Documents/Ben/Business/Substance 

2020/UNESCAP/GVCs Part 2/Data/exporter codes.dta", keep(match master) 

 summ _merge 

 drop _merge 

 merge m:1 sector using 

"/Users/benshepherd/Dropbox/Documents/Documents/Ben/Business/Substance 

2020/UNESCAP/GVCs Part 2/Data/sector codes.dta", keep(match master) 

 summ _merge 

 drop _merge 
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 rename exporter temp 

 rename exporter_name temp2 

 rename importer exporter 

 merge m:1 exporter using 

"/Users/benshepherd/Dropbox/Documents/Documents/Ben/Business/Substance 

2020/UNESCAP/GVCs Part 2/Data/exporter codes.dta", keep(match master) 

 summ _merge 

 drop _merge 

 rename exporter importer 

 rename exporter_nameimporter_name 

 rename temp2 exporter_name 

 rename temp exporter 

 gen year = `y' 

 save "ADB MRIO WWZ `y'.dta", replace 

} 

 

use "ADB MRIO WWZ 2007.dta", clear 

append using "ADB MRIO WWZ 2011.dta" 

append using "ADB MRIO WWZ 2017.dta" 

 

With all of the data in place, it is straightforward to calculate the indices of interest. We start 

with DVA, FVA, and PDC, and verifying that they indeed sum to recorded gross exports: 

gen DVA = term1 + term2 + term3 + term4 + term5 + term6 + term7 + term8 

gen FVA = term11 + term12 + term14 + term15 

gen PDC = term9 + term10 + term13 + term16 

gen check = DVA + FVA + PDC - exports 

summ check 

 

Shepherd (2020) examines these data in detail to look at GVC trade between Asian subregions 

and Latin American countries. We therefore follow his approach, by grouping countries into 

relevant subregions, and grouping sectors into aggregates. It is straightforward to use different 

definitions for other country and sector groupings. 
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gen macro_sector = "" 

replace macro_sector = "Agriculture" if sector == 1 

replace macro_sector = "Mining" if sector == 2 

replace macro_sector = "Manufacturing" if sector >=3 & sector <= 16 

replace macro_sector = "Services" if sector >= 18 & sector <= 30 

 

gen region_exp = "" 

replace region_exp = "E. Asia" if exporter == 8 | exporter == 25 | exporter == 26 | exporter == 

42 | exporter == 62 

gen region_imp = "" 

replace region_imp = "E. Asia" if importer == 8 | importer == 25 | importer == 26 | importer == 

42 | importer == 62 

replace region_exp = "S.E. Asia" if exporter == 21 | exporter == 45 | exporter == 46 | exporter 

== 47 | exporter == 48 | exporter == 54 | exporter == 55 | exporter == 58 | exporter == 61 

replace region_imp = "S.E. Asia" if importer == 21 | importer == 45 | importer == 46 | importer 

== 47 | importer == 48 | importer == 54 | importer == 55 | importer == 58 | importer == 61 

replace region_exp = "Aust." if exporter == 1 

replace region_imp = "Aust." if importer == 1 

replace region_exp = "LAC" if exporter == 5 | exporter == 30 | (exporter >= 63 & exporter <= 

72) 

replace region_imp = "LAC" if importer == 5 | importer == 30 | (importer >= 63 & importer <= 

72) 

 

save "ADB LAC WWZ working.dta", replace 

 

It is often efficient to program loops to complete basic analytical tasks, which is the approach 

taken in Shepherd (2020) for working with multiple directions of trade. As an example, figure 

7 shows the breakdown of gross exports in percentage terms for East Asian trade with other 

subregions. The full code for all equivalent graphs in the original paper is reproduced for 

completeness: 

use "ADB LAC WWZ working.dta", clear 

drop if region_exp == "" 

replace region_imp = "Other" if region_imp == "" 

gcollapse (sum) DVA FVA PDC exports_x, by(region_expregion_imp year) 

rename exports_x exports 
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gen exp_imp = region_exp + "-" + region_imp 

label variable DVA "Domestic Value Added" 

label variable FVA "Foreign Value Added" 

label variable PDC "Pure Double Counting" 

replace DVA = DVA/1000 

replace FVA = FVA/1000 

replace PDC = PDC/1000 

replace exports = exports/1000 

gen DVA_pc = 100 * DVA/exports 

gen FVA_pc = 100 * FVA/exports  

gen PDC_pc = 100 * PDC/exports 

label var DVA_pc "DVA % Gross Exports" 

label var FVA_pc "FVA % Gross Exports" 

label var PDC_pc "PDC % Gross Exports" 

save "working for graphs.dta", replace 

 

local i = 1 

foreach r in "Aust." "E. Asia" "LAC" "S.E. Asia" { 

 use "working for graphs.dta", clear 

 drop if region_exp ~= "`r'" &region_imp ~= "`r'" 

 gen temp = . 

 replace temp = 1 if region_exp == "`r'" 

 replace temp = 2 if region_imp == "`r'" 

 graph hbar (asis) DVA FVA PDC, over(exp_imp, sort(temp)) by(year) stack 

name(graph1_`i', replace) saving(graph1_`i'.jpg, replace) 

 local i = `i' + 1 

} 

 

local i = 1 

foreach r in "Aust." "E. Asia" "LAC" "S.E. Asia" { 

 use "working for graphs.dta", clear 

 drop if region_exp ~= "`r'" &region_imp ~= "`r'" 
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 gen temp = . 

 replace temp = 1 if region_exp == "`r'" 

 replace temp = 2 if region_imp == "`r'" 

 graph hbar (asis) DVA_pcFVA_pcPDC_pc, over(exp_imp, sort(temp)) by(year) stack 

name(graph5_`i'_pc, replace) saving(graph5_`i'.jpg, replace) 

 local i = `i' + 1 

} 

 

The interpretation of Figure 7 is discussed in detail by Shepherd (2020). But the key analytical 

question is to look for greater levels of GVC trade, as evidenced by higher FVA and PDC as 

proportions of gross exports. In this case, the link between Southeast Asia and East Asia stands 

out as having a high level of GVC trade, which is consistent with most analysts’ prior beliefs. 

 

Figure 7. East Asian trade with partners, breakdown in percentage terms, 2007-2017 

 

 

A second exercise is to work with forward, rather than backward, participation through 

DVA_INTrex. The first step is to calculate that measure as an aggregate of a small number of 

disaggregated terms in the Wang et al., (2013) decomposition: 
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use "ADB LAC WWZ working.dta", clear 

gen DVA_INTrex = term3 + term4 + term5 

drop if region_exp == "" 

replace region_imp = "Other" if region_imp == "" 

gcollapse (sum) DVA_INTrexexports_x, by(region_expregion_imp year) 

rename exports_x exports 

gen exp_imp = region_exp + "-" + region_imp 

replace exports = exports/1000 

replace DVA_INTrex = DVA_INTrex / 1000 

label var DVA_INTrex "Intermediates Re-exported" 

gen DVA_INTrex_pc = 100 * DVA_INTrex / exports 

label var DVA_INTrex_pc "Intermediates Re-exported % Gross Exports" 

save "working for graphs.dta", replace 

 

The procedure to produce graphs is then exactly the same, relying again on a loop over different 

directions of trade: 

local i = 1 

foreach r in "Aust." "E. Asia" "LAC" "S.E. Asia" { 

 use "working for graphs.dta", clear 

 drop if region_exp ~= "`r'" &region_imp ~= "`r'" 

 gen temp = . 

 replace temp = 1 if region_exp == "`r'" 

 replace temp = 2 if region_imp == "`r'" 

 graph hbar (asis) DVA_INTrex, over(exp_imp, sort(temp)) by(year) stack 

name(x_graph_`i', replace) 

 local i = `i' + 1 

} 

 

local i = 1 

foreach r in "Aust." "E. Asia" "LAC" "S.E. Asia" { 

 use "working for graphs.dta", clear 

 drop if region_exp ~= "`r'" &region_imp ~= "`r'" 
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 gen temp = . 

 replace temp = 1 if region_exp == "`r'" 

 replace temp = 2 if region_imp == "`r'" 

 graph hbar (asis) DVA_INTrex_pc, over(exp_imp, sort(temp)) by(year) stack 

name(graph9_`i'_pc, replace) saving(graph9_`i'_pc.jpg, replace) 

 local i = `i' + 1 

} 

 

A typical result is in figure 8, which shows the position for South-East Asian countries. An 

interesting result is that Australia and Latin America have high levels of forward GVC 

participation with South-East Asia, likely because they are suppliers of raw materials, including 

commodities: these goods are intermediates that are then processed and used in South-Eeast 

Asia to make that region’s own exports, principally in manufacturing. This setup is a classic 

form of forward GVC participation. 

 

Figure 8. Forward participation of Southeast Asian countries, percentage terms 
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The previous discussion has used aggregate results, considering regions and total trade. But the 

Wang et al., (2013) decomposition can also be applied at the sectoral level. To see this, we 

consider the value added breakdown of trade into the three main aggregates, but consider three 

macro-sectors, as defined above: agriculture, manufacturing, and services. The analysis can 

easily be repeated at the level of individual sectors described in the source data. 

The Stata code is very similar to the above examples, but collapses (sums) the data using a 

different scheme and retains a single year of data (2017): 

use "ADB LAC WWZ working.dta", clear 

drop if region_exp == "" 

replace region_imp = "Other" if region_imp == "" 

keep if year == 2017 

gcollapse (sum) DVA FVA PDC exports_x, by(region_expregion_impmacro_sector) 

rename exports_x exports 

gen exp_imp = region_exp + "-" + region_imp 

label variable DVA "DVA % Gross Exports" 

label variable FVA "FVA % Gross Exports" 

label variable PDC "PDC % Gross Exports" 

save "working for graphs.dta", replace 

 

local i = 1 

foreach r in "Aust." "E. Asia" "LAC" "S.E. Asia" { 

 use "working for graphs.dta", clear 

 drop if region_exp ~= "`r'" &region_imp ~= "`r'" 

 gen temp = . 

 replace temp = 1 if region_exp == "`r'" 

 replace temp = 2 if region_imp == "`r'" 

 graph hbar (asis) DVA FVA PDC, over(exp_imp, sort(temp)) by(macro_sector) stack 

percent name(graph13_`i'_pc, replace) saving(graph13_`i'.jpg, replace) 

 local i = `i' + 1 

} 

 

An example output is figure 9, for Australia.  It shows that GVC trade measured through 

backward linkages is generally highest in manufacturing, but is also significant in services, and 

in some directions of trade for agriculture. The code above can easily be modified to produce 
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similar output for forward linkages, thereby giving a detailed picture of Australia’s GVC trade 

with regional partners, by major economic aggregate. 

 

Figure 9. Value added trade breakdown by sector, Australia, 2017, percent of total 

 

The above discussion provides the basic ingredients in terms of intuition and code for 

developing policy relevant analysis of patterns of GVC trade from a Wang et al., (2013) 

decomposition. Many permutations and combinations are possible, taking advantage of the 

highly disaggregated nature of the decomposition. Analysis will typically need to exercise care 

in selecting appropriate country groups and sectoral classifications, but the overall approach 

will generally be a variation on the above type of analysis. 

 

B. Determinants of GVC Participation 
Another class of problem is to explain some measure of GVC participation, such as FVA in 

proportional terms, by reference to relevant policy variables. Analysis of this type is still 

particularly not well-developed in the literature, but a number of signposts can be given for 

applied researchers.  

First, trade policies are of first-order relevance as determinants of value chain participation. 

Standard measures such as tariffs are routinely accounted for in empirical work. But potentially 

more important is the issue of non-tariff measures (NTMs). UNCTAD’s TRAINS database now 

contains a wealth of information in this area, although typically only one year per country, which 

makes econometric identification challenging. Nonetheless, examining the links between NTMs 
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and some measure of value chain participation is an important question for applied researchers. 

Similarly, the role of services trade barriers is assuming more and more importance as services 

increase their role as traded items in their own right, and also as inputs into trade of other sectors, 

particularly manufactured goods. 

Second, a key issue for lead firms in value chains is the ability to enforce contracts with suppliers. 

As such, a country’s institutional environment, and particularly the ease and certainty of contract 

enforcement, are important potential levers for GVC development. Data on contract 

enforcement come from sources like Doing Business, while more general data on institutional 

development come from the World Governance Indicators. 

Third, a country’s macroeconomic environment can affect investment decisions by lead firms, 

and so is also a potential subject of research. A key variable that affects uncertainty, and 

therefore investment, is the stability of the macroeconomy, as indicated, for instance, by the 

inflation rate.  

These three groups of issues cover a wide range of data points and could potentially give rise to 

a significant amount of applied research. However, there are important econometric problems 

that need to be confronted. Most important is the question of causal identification. Where data 

is only available for a single year, it is difficult to make a claim that any observed links between 

policies and outcomes is causal. It would be more appropriate to speak in terms associations or 

correlations rather than causes. While cross-country regressions can be informative on a policy 

level, they are typically viewed with suspicion by researchers due to the potential for 

simultaneity problems, which can result in seriously biased estimates. Problems of this nature 

are likely to arise in areas such as NTMs and services barriers, where data availability is a severe 

limitation. 

A preferable approach is to search out research questions where all data are available for 

multiple countries and time periods, so that panel data methods can be used. Use of fixed effects 

for countries and time periods can help attenuate, though not completely eliminate, concerns 

about simultaneity bias. Some governance data, as well as tariffs, are available for significant 

time periods, which suggests that work in this area may be particularly fruitful in terms of 

producing more rigorous estimates of policy impacts.
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IV. CONCLUSION 
 

This user guide provides a practically oriented introduction to the analysis of trade in value 

added. We have moved from a basic consideration using the Leontief insight to a more 

sophisticated approach, largely presented intuitively, due to Wang et al., (2013), which 

represents current best practice. All figures and examples can be reproduced using Stata code 

and data files available with the guide. 

While practitioners will not typically need to program the analysis from scratch, there is much 

to be gained from a detailed understanding of the manipulations involved, as it is a helpful guide 

to intuition. Above all, though, the value added of this user guide is in highlighting policy 

relevant applications, stressing common pitfalls, and identifying resources—primarily the ADB 

MRIO, for which relevant decompositions have already been calculated, and the R package 

DecompR—that interested researchers can use to apply these insights in their own work. 
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ANNEX: R CODE 
 

A. Leontief Decomposition 
G <- 3 

N <- 4 

GN <- G * N 

 

data1 <- 

c(346,156,95,594,819,154,832,397,409,562,241,554,354,443,7,908,42,92,561,839,470,770,83

,368,291,795,243,825,753,2,340,232,251,605,526,610,637,259,289,813,500,716,947,645,856,

221,898,41,547,466,910,276,518,149,779,553,197,285,305,828,752,936,822,638,611,496,98,

924,608,689,872,972,295,444,7,828,929,535,367,257,890,429,641,26,113,518,791,459,79,74

8,254,218,586,673,424,157,46,457,552,572,632,680,730,607,796,186,15,958,962,96,544,96,6

75,113,711,337,787,571,241,211,531,190,686,191,374,615,788,738,351,32,565,622,857,776,

897,18,915,482,308,458,253,145,982,270) 

ax <- matrix(data1, nrow=12, ncol=12, byrow=TRUE) 

data2 <- 

c(394,902,446,514,694,512,384,753,909,91,653,301,630,565,857,847,209,37,165,419,886,80

0,355,501,338,320,194,479,14,608,269,814,559,700,822,729) 

fd<- matrix(data2, nrow=12, ncol=3, byrow=TRUE) 

X <- matrix(NA, ncol = G, nrow = GN) 

for (i in 1:G) { 

X[, i] <- rowSums(ax[, ((i - 1) * N + 1):(N * i)]) + fd[, i] 

} 

XT <- matrix(NA, ncol = GN, nrow = GN) 

for (i in 1:GN) { 

XT[i, ] <- rowSums(X) 

} 

A <- ax / XT 

B <- solve(diag(GN) - A) 

V_hat<- diag(GN) - diag(colSums(A)) 

id_temp<- diag(GN) 

id <- matrix(NA, ncol = G, nrow = GN) 

for (i in 1:G) { 

id[, i] <- rowSums(id_temp[, ((i - 1) * N + 1):(N * i)]) 
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} 

e_bysector<- rowSums(X - id * X) 

tv <- V_hat %*% B %*% diag(e_bysector) 

 

B. Wang et al. (2013) Decomposition 
rm(list=ls()) 

library(decompr) 

setwd("/Users/…”) 

AX<-read.csv("ax.csv",header = FALSE) 

FD <- read.csv("fd.csv", header = FALSE) 

gross_output<- read.csv("go.csv",header = FALSE) 

countries <- read.csv("countries.csv",stringsAsFactors =FALSE,header = FALSE) 

industries <- read.csv("industries.csv",stringsAsFactors =FALSE,header = FALSE) 

countries <- as.character(countries[,1]) 

industries<- as.character(industries[,1]) 

AX<-as.matrix(AX) 

FD<-as.matrix(FD) 

gross_output<-as.vector(t(gross_output[,1])) 

wwz<- decomp(T, 

              FD, 

              countries, 

              industries, 

gross_output, 

              method="wwz") 

write.csv(wwz,"wwz_3by4_decompr.csv") 
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