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1. EXECUTIVE SUMMARY

International production, trade and investments are increasingly organised
within global value chains (GVC); GVCs where different stages of the
production process are located across firm®tifer countries. Despite the
rapid evolution of the literature, a lot remains to be done in order to fully
understand the complexity of the phenomenon.

One of the main challenges concerns the measurement of GVCs.

¢tKAa RSEtAOSNIOfS GF O1fSa eatidgOoew I & YS
empirical evidence on:

) the consistency of micro and macro level data on GVCs;

i)  the microfoundation of the global InteCountry InputOutput (ICIO,
henceforth) accounting framework.

¢CKS FTANBRG O2ydNR O dzir adyMaciklevelDatad éni Sy O @
Dt 20l f 1 €dz2S [/ KFEAyaY 9@ARSYyOS FTNRY
authored by A. Giunta; P. Montalbano; S. Nenci and published in
International Economics(171, 2022, 130- 142). The contribution
investigates the degree of consistency and fundybdf micro and macro
sources of GVC data.

The study combines two datasets for selected European countries (France,
Germany, ltaly,and Spain) over the period 20Q2014: the European
UnionEuropean Firms in a Global Economy-BRUGE) firdevel dataset
(integrated with panel balance sheet data from Amadeus) and the World
InputcOutput Database (WIOD) at the country and sectoral level. Although
the two datasets come from different sources and are based on different
assumptions, it is found full consisternioythe two datasets. In particular, it

is found that:

() the WIODbased country and sectoral GVC indicators are positively
correlated with firmlevel proxies based on EFIGE data,;

(i) the GVC indicators from both sources are positively correlated with
firm-levellabor productivity.

(i) these outcomes are robust to various empirical tests and
specifications, as well as to controlling for the firm, sector, and country

heterogeneity.
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The results hold relevance for scholars by demonstrating that the available

ICIO datacan be used to compensate for the (wietlown) scarcity of firm

level data for evidencbased GVC analyses.

¢ KS aS02y R O2 pwisdiindickidrs & GVCiparticipaiidh and

L2 aA0GA2YyAY3E Aad I dziK2NSR o6& L® Cdzal
Marvasi, S. Nenci, L. Salvatici, D. Vurchio.

LG 32Sa 0Seé2yR (GKS O2yaraidsSyoeqQa SgIf
using microdata in the construction of a global ICIO accounting framework.

The contribution improves inpedutput data based on the GTAP DatsB

by disaggregating 10 tables for Italy, thus tracking GVC linkages at higher
resolution.

To this aim, export, import as well as production filewel data are used to

improve estimates of the sourcing and allocation of imported inputs across
sectors, hus enhancing the quality of data used for the computation of

trade in Value Added indicators.

The databases used are drawn from several sources and cover thel8013

period:

1 firm-level data from Frame SBS (Structural Business Statistics), which

is the lalian National Institute of Statistics (ISTAT) statistical register on
economic accounts of Italian enterprises in the Industry and Services
sectors. We gathered data, for around 4,3 million firms on selected
variables;

1 ISTAT statistics from the survey fameign trade (COE) in goods of

both intra- and extraEU trade flow for about 215,000 Italian firms and

foreign trade operators

The outcome of a three steps procedure (detailed in sec8@R2) is an

integrated databaseised to compute improved GMW€lated indicators.

Specifically, the participation and positioning of Italian firms in GVC.
Particular attention to the agrifood sectors is devoted throughout this
section.

TheGVC participationindex & 3IA ISy o6& (GKS &adzy 2F |
(the value ofA YLI2 NI SR AYGSNXYSRAIFIGS AyLldzia A
component (the value of intermediate exports sent indirectly through third
countries to final destinations). Combining the two components, one can

have a comprehensive assessment of a country's@pation in GVCs, both

as a user of foreign inputs and supplier of intermediates used in other

@)fE!
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O2dzy iNASaQ SELRZNI&DP ¢KS 1 NHSN G4KS 7
involvement of a particular country (or sector) in GVCs.

It is worth underlining thatthanks to the inclusion of micrdata into the
GTAP database, the contribution provides a significant improvement in the
measurement of imports and in the division between intermediate and final
and their sources. This, in turn, refines the calculatibGWC participation
indicators, especially the backward component.

Focussing on the agrifood sectors and concerning GVC participation
indexes, three are the main findings:

1 Paddy rice is the agrifood sector showing the highest forward GVC
participation forltaly;

1 The geographical composition of Italian forward participation
highlights that Germany is the main destination and exporter of Italian
valueadded (the second one being France). In other words, Germany acts
as an implicit export platform for Italiaralueadded. In fact, 57% of Italian
agrifood valueadded exported by Germany ends up within the EU

1 Sugar, Vegetables oils and fats, are the agrifood sectors with the
highest backward participation, all above 30%. Thus, Italian exports of these
sectors stongly depend on foreign valeedded.

The GVC positioning index: a focus on the upstreamness indexe
upstreamness index measures the distance to the final demand of a sector
along the production chains. In other words, a relatively upstream sector is
one that sells a small share of its output to final consumers é&nand
Chor, 2019).

The upstreamness indicator can assume values equal to or greater than 1:
larger values are associated with relatively higher levels of upstreamness of
the output originding from one sector.

Focussing on the agrifood sectors and concerning GVC upstreamness index,
two are the main findings:

1 Agricultural products such as cereal grains, rice, oil seed, and sugar
cane/beet are collocated upstream in the GVC, showing mdrant2.5
steps from the final market;

1 Conversely, food products, especially bovine meat and meat
products, are less upstream, with less than 2 steps from the final

consumption.




better agri-food trade modeliing for policy analysis

Finally, Sectior8.24 of this deliverableis devoted to the comparison
between the standard GTARRIO and the new GTAWicro; in other
words, it is highlighted to what extent the finer measurement of
intermediate imports by sourcing country does change the sector share
reallocation.

Focusingn the agrifood sectors, we find that:

1 In the case of Beverages and tobacco products, the share reallocation
seems to be large. In fact, in the GTMro data, other EU27 countries are

a less relevant source (from 48.1% to 29.8%), while Germany (from 28.7%
to 38.6%), France (from 10.8% to 13)1&adthe UK (from 1.8% to 3.8%)
gain importance as sources of intermediates.
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2. INTRODUCTION

The aim of this deliverable is to deepen our understanding of the
measurement of GVCs, with special attention to the agriculture and food
sectors. h the last 10 years, empirical studies on GVC (Grossman and Rossi
Hansberg, 2008; Antras et al. 2012; Baldwin, 2012; Costinot et al., 2013;
Baldwin and Yan, 2014) have taken advantage of the availability of new data
and methods for measuring GVC linkage=e( inter alia, Hummels et al.,
2001; Yi, 2003; Koopman et al. 2011; Johnson and Noguera, 2012; Stehrer,
2013; Wang et al., 2013; Koopman et al., 2014; Timmer et al., 2015; Wang
et al., 2016; Borin and Mancini, 2019).

Remarkable advancements have beerada in collecting sectdevel
statistics; thus, ICIO tables are now widely used to describe the level of GVC
integration of countries and industries (De Backer and Miroudot, 2014;
Nagengast and Stehrer, 2016).

Unfortunately, statistical advancements lebeen less remarkable at the
micro level. Making the most of scarce fitevel data, researchers have
investigated the impact of firms' participation and positioning along GVCs
on firm performance. Some studies have relied on qualitative survey data,
whereas others have used international trade data to quantify the
relevance of offshoring in the firm (Agostino et al., 2015; Giovannetti et al.,
2015; Cainelli et al., 2018; Rungi and Del Prete, 2018).

Micro and macro approaches to measuring GVCs haveatiuanced on
parallel tracks, heading in the same direction but with limited overlap.
Research on this topic is valuable because each data source has strengths
and caveats in terms of availability, complexity, accuracy, and coverage
that are sometimes ovesbked (for a wider discussion, see Amador and
Cabral, 2016).

CKA&d RSEAOGSNIOGES Gl O1fSa GKS aYSI adzNE
evidence on:

) the consistency of micro and macro level data on GVC,;

i)  the microfoundation of global InteCountry InputOutput
accounting framework.

In section 3.1, the articleConsistency of micro and macro level data on
global value chains: Evidence from selected European coynbyes\.
Giunta, P. Montalbano e S. Nenci, published in International Economics

@)fE!
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(171, 2022130- 142) investigates the degree of consistency and fungibility
of micro and macro sources of GVC data. The article combines two datasets
for selected European countries over the period 2€@114: the European
UnionEuropean Firms in a Global Economy-BEIGE) firdevel dataset
(integrated with panel balance sheet data from Amadeus) and the World
InputcOutput Database (WIOD) at the country and sectoral level. Although
the two datasets come from different sources and are based on different
assumptionsit is found that:

() the WIODbased country and sectoral GVC indicators are positively
correlated with firmlevel proxies based on EFIGE data;

(i)  the GVC indicators from both sources are positively correlated with
firm-level labor productivity;

(i) these outcomesare robust to various empirical tests and
specifications, as well as to controlling for firm, sector, and country
heterogeneity.

The results hold relevance for scholars by demonstrating that the available
ICIO data can be used to compensate for the sgaofifirm-level data for
evidencebased GVC analyses.

Section 3.2Micro-based indicators of GVC participation and positionioyg

I. Fusacchia, A. Giunta, M. Mantuano, E. Marvasi, S. Nenci, L. Salvatici, D.
+ dZNOKA 2> 3I2Sa 0Se 2y Rnad®Emid ghd hatro Sy Oe ¢
data, making a significative advancement, i.e.: applying a Aioenadation

in the construction of global InteCountry InputOutput accounting
framework.

As previously mentioned, the current standard for GVC analysis at the
macto level relies on global ICIO accounting. An ICIO table harmonizes
national inputoutput (I0) tables for multiple regions and links trade flows
directly from producers in each region to importing firms and consumers in
all other regions. Since the early &, various research initiatives have
undertaken the development of different ICIO databases in response to
policy needs and scientific aims (e.g., TiVA, WIOD, EORA, GTAP and GTAP
MRIO).

Although the use of statistics based on an ICIO accounting has beunore
routine for analysing key areas of global governance (e.g., international
trade and governance, the link between the environment and the economy,
the impact of globalization on labour markets) (Tukker and Dietzenbacher,

@)fE!
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2013), there is not harmonisan among different global databases (Jones
et al., 2014). The construction of a global ICIO requires a huge amount of
data, often suffering from time lag, and above all a high level of
harmonization, consolidation and adaptation of different data sources
Specific policy needs and scientific aims underlying the global ICIOs, data
sources, the country coverage, the period of the data available, the level of
detail for industries and products, and the methodological choices in the
compilation process, allra ingredients that have led to the development

of different ICIO systems, constructed following different approaches.

The literature outlines large differences in the figures depicted by different
databases, both at the country and sector levels (seegxample, Jones et

al., 2014; Fusacchia et al., 2022; Kutihimnitrova et al., 2022). This
suggests that more efforts would be required in the direction of a
commonly agreed methodology to meet the statistical challenges in
measuring the G\i&lated track. In this vein, efforts to provide a miero
foundation in the construction of global ICIO (e.g., by usingligvel data

to directly inform and refine the construction of the proportionality
weights) would be likely to benefit researchers in this fielthdugh these
improvements are unlikely to be feasible at the world level, as there remain
significant obstacles to linking micro data across countries, they are feasible
for individual countries (Antras and Chor, 2021).

Importantly, the use of microdatallows advancements with respect to one

of the main assumptions in the conventional ICIO system, namely that
imported inputs are usually allocated across sectors in the same proportion
as domestic goods and the proportionality assumption is naturally egbpli

to total imports, so inputs from all bilateral trade partners are treated in the
same way (s®@F f f SRY GAYLR2NI O2YLI NXoAfAGeE
empirical evidence shows that internationalization activities and GVC
participation patterns are stragly related to specific firm characteristics,
which are, in turn, sources of technological differences in production
processes.

In this direction, the contribution aims to improve inpoititput data based

on the GTAP Data Base by disaggregating 10 tabidwlyp, thus tracking
GVC linkages at higher resolution. To this aim, export, import, and
production firmlevel data are combined to improve estimates of the
sourcing and allocation of imported inputs across sectors thus enhancing

@)fE!
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the quality of data usedbr the computation of trade in VA indicators. The
resulting integrated database is then used to compute:

1 improved GVe@elated indicators, i.e GVC participation and
positioning indexes;

1 highlight the differences of sector share reallocation between
sourchg patterns based on standard and mi¢ounded ICIO.
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3. CONTRIBUTIONS

3.1 Consistency of Micreand Macrolevel Data on Global Value
Chains: Evidence from Selected European Countries

A. Giunta, P. Montalbano, S. Nenéi
Intemational Economics, 171, 2022, 1B42

Abstract This study investigatethe degree of consistency and fungibility of
micro and macro sources of global value chain (GVC) W&acombine two
datasets for selected European countries over the period 22014: the
European UniotEuropean Firms in a Global Economy-BRUGE) firAevel
dataset (integrated with panel balance sheet data from Amadeus) and the
World InputtOutput Database (WIOD) at the country and sectoral level.
Although the two datasets come frowlifferent sources and are based on
different assumptions, we find that (i) the Wi@iased country and sectoral
GVC indicators are positively correlated with filewel proxies based on EFIGE
data; and (ii) the GVC indicators from both sources are posjtigerrelated
with firm-level labor productivity. These outcomes are robust to various
empirical tests and specificationas well as to controlling for firm, sector, and
country heterogeneity. Our results hold relevance for scholars by
demonstrating thatthe available inteicountry inputoutput (ICIO) data can
be used to compensate for the scarcity of fitevel datafor evidencebased
GVC analyses

Keywords:3f 20t @I fdzS OKIFIAYyaT TFANVYaQ AyaS
added;inter-countryinputcoutput tables; European countries.
JEL code$:14; F60; D22; L22; O52.
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Highlights

1 We contribute to the applied literature by making methodological
advances in GVC data use.

1 We combine the available micro and macro GVC data for four
European countries.

1 We demorstrate that GVC measures computed from the two data
sources are highly consistent.

1 We advocate utilizing the available ICIO data sources for evidence
based GVC analyses.

3.1.1 Introduction

In the last 10 years, empirical studies on global value chdaaC§)
(Grossman and Roddansberg, 2008; Antras et al. 2012; Baldwin, 2012;
Costinot et al., 2013; Baldwin and Yan, 2014) have taken advantage of the
availability of new data and methods for measuring GVC linkages (see, inter
alia, Hummels et al., 2001}, 2003; Koopman et al. 2011; Johnson and
Noguera, 2012; Stehrer, 2013; Wang et al., 2013; Koopman et al., 2014;
Timmer et al., 2015; Wang et al., 2016; Borin and Mancini, 2019).
Remarkable advancements have been made in collecting sksstekr
statistics; thus, intercountry inputoutput (ICIO) tables are now widely
used to describe the level of GVC integration of countries and industries (De
Backer and Miroudot, 2014; Nagengast and Stehrer, 2bl@fortunately,
statistical advancements have been lgssnarkable at the micro level.
Making the most of scarce firtevel data, researchers have investigated
the impact of firms' participation and positioning along GVCs on firm
performance. Some studies have relied on qualitative survey data, whereas
others have used international trade data to quantify the relevance of

! These analyses mainly focus on the manufacturing sector, because of larger
availability of data compared to other sectors. However, new insights on
agriculture and food are also emerging (Greenville et al., 2017; Balié et al., 2018;
Montalbano and NencR020).
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offshoring in the firm (Agostino et al., 2015; Giovannetti et al., 2015; Cainelli
et al., 2018; Rungi and Del Prete, 2018).

Micro and macro approaches to measuring GVCs have advanced delparal
tracks, heading in the same direction but with limited overlap. Research on
this topic is valuable because each data source has strengths and @aveats
in terms of availability, complexity, accuracgnd coverage that are
sometimes overlooked (for a widaliscussion, see Amador and Cabral,
2016). Firrdevel data provide a granular picture of multiple interaction
flows among firms and allow us to consider firm heterogeneity. However,
they mostly rely onad hoc surveys lacking a unified framework and
methodological approach regarding the unit of analysis and variables of
interest (Giovannetti and Marvasi, 2018). Furthermore, fiavel data
require a high demand for data (see Antras and Chor, 2021). First, they
require information on intrecountry interindustry flows and a method to
preserve the confidentiality of firm identities when merging data across
countries® A second data challenge is the presence of multiproduct firms
(Bernard et al., 2010, 2011). There are no detailed data tiom
intermediates impoted by these firms. Even if such datee available, one
would still require information on how these inputs are distributed across
the manufacturing processes of different products to accurately account for
valueadded flows. A third measurement issuehat the observed input
sourcing patterns can differ systematically across firms, even within the
same industry (de Gortari, 2019). A method to overcome the differences in
firm-level surveys across countries is necessary. Given these demands on
data, exiing studies that incorporate firAevel data to improve value
added accounting either focus on individual countries or have limited
geographic coverage. The lack of standardization among the different firm
level sources used in the literature not only haens the consistency
between micreand macrelevel data sources, but also hinders
comparability between otherwise similar firlavel studies.

In contrast, ICIO tables provide a sound and consistent picture of global
trade flows but also exhibit shortcomigs. They are constructed by

2 For recent firmlevel initiatives in business statistics, see Nielsen (2018).

3 The existence of crosuntry firmlevel survey data covering several years is
also scarce due to domestic regulations on statistical confidentiality as well as
different national criteria for collecting and recording the information.
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collecting and combining data from various sources (such as supply and use
data from countrylevel £O accounts, timeeries data on production and
expenditure from national accounts, disaggregated bilateral trade @i,

firm surveys). In some cases, data are unavailable for significant intervals of
time, often asynchronous across countries, and technical features, such as
sector classifications and price concepts used in recording data, also differ
across countries (Johnson2018). Furthermore, some important
assumptions concern most ICIO tables. These are the proportionality
assumptions that state (Feenstra and Jensen, 2012; de Gortari, 2019) that
() industrylevel bilateral final and intermediate trade shares are identical
(proportionality at the border)and (i) the allocation of imported inputs
across sectors is the same as the allocation of domestic inputs
(proportionality behind the border).

Consequently, scholars have been struggling to develop a consistent,
comprekensive empirical portrait of these macro and micro linkages. As
stated by Johnson (2018), there is scope for convergence: micro data can
improve the ¢O approach, and¢D analysis can strengthen the miero
guantification exercise. In this respect, the opalhhmethod would be to
measure firmto-firm international transactions and then build a globgDI

table at the firm level. These hypothetical filevel data would then
aggregate up tahe industrylevellcO tables. Unfortunately, such data are
not availalke yet (among the few exceptions are Feenstra and Jensen, 2012;
de Gortari, 2019). They are also subject to possible aggregation bias induced
by within-sector heterogeneities (Bems and Kikkawa, 20IF)e second

best method enableshe disaggregation olicO tables, thus tracking GVC
linkages at a higher resolutiorlowever,such data are also not available

4The World InputOutput Database (WIOD) dataset is an exception, as the data
on imports by product and importing country from bilateral trade statistics are
divided into final and intanediate use based on detailed information from the
Broad Economic Categories (BEC) classification and import use tables.

5 Feenstra and Jensen (2012) attempt to construct an industipdustry import
IO table using the US Linked/Longitudinal Firm &rachnsaction Databasde

Gortari (2019) develops a new framework that combirg€3 dlata with additional
information on supply chain linkages based on richer mievel datasets to
construct more precise valsadded trade measures.
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yet. This is further complicated by the presence of a set of assumptions
generally adopted for computing trade in value added by using sectpral |
O. Sore recent studies have proposed a combination of macro and micro
approaches (see, inter alia, Del Prete et al., 2017; Blaum et al., 2018; Michel
et al., 2018; Montalbano et al., 2018; Bernhard et al., 2019).

Our study fits precisely in this context. Becao$the shortcomings of using
firm-level data suitable for GVC analysis, we utilize GVC sectoral measures
to approximate GVC firm measures. To this end, we investigate the degree
of consistency and fungibility the GVC measures derived from micro and
macro GVC data sources. Specifically, we match theeEtdpean Firms in

a Global Economy (EFIGE) dataset (integrated with Amadeus), which
includes data from a survey of European manufacturing firms, with the
World Input;Output Database (WIOD), which provedglobal ¢O tables at

the country/sectoral level for the same selected European countries over
the period 200£2014. Although both datasets are popular among scholars
and primarily trace export flows across the European Union, to the best of
our knowledge this is the first attempt to use them in an integrated
manner. The popularity of these datasets enhances the relevance of our
empirical exercisé. Our empirical findings show that sectoral level
indicators of GVCs, derived from the WIOD, and-fewel G/C indicators,
derived from ELEFIGE data, look highly consistent across sectors and
countries. This consistency extends to testing the relationship between
both indicators on firms' performance. This result is robust to various
empirical tests and speafations, as well @ controlling for heterogeneity
registeredat both sectoral and country levels. Our results are relevant for
scholars because we demonstrate that we can use ICIO data to compensate
for the scarcity of firrdevel data suitable for GVQ@alysis.

The remainder of this paper is organized as folloBextior3.12 describes

the data and the adopted GVC indicators. Sectbh3 presents the
descriptive statistics. SectioB.14 presents the results of the empirical
analysisSection3.15 provides the conclusions.

6 Furthermore, the pocess of compensating for the lack of fitevel GVC
measures by enlarging the number of the different (and proprietary)-fevel
data available cannot be taken for granted without the due processes of
harmonization and standardization, which are harg&rform.
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3.1.2 Data and GVC indicators

We combine data from two different databases over the period 22014

the WIODand EUEFIGE datasets, as integrated with panel balance sheet
data drawn from the Amadeus database. To comiieeWIODand EFIGE

GVC measures at the sectoral lewed convert the NAGCELIO classification

used by the EFIGE dataset into the ISIC rev. 4 classification (two digits) used
by the WIOD.

3.1.2.1 The World InpgOutput Database (WIOD)

The WIOD provides globat® tables for 43 countriésaind 56 sectors of
activity (two-digit, according to the ISIC nomenclature, Rev. 4), including 19
manufacturing sectors, for the period 20¥D14 (released 2016) (see
TableAl in the Appendix for the list of manufacturing sectased in our
empirical analysis). We use this dataset to calculate trade in \added
components and GVC indicators at country and sectoral levels. Within
GVCs, value is added in different countries throughout the production
process, and countries' exparttherefore include both domestic and
foreign value added.Looking at trade from a valugdded perspective
better reveals how domestic industries contribute to exports as well as how
(and how much}hey participate in GVCs. Economies participate in GVCs
both as users of foreign inputs arsippliers of intermediate goods and
services used in other economies' exports.

c2ft2¢6Ay3a |1 dzvySta SG Fftd ovnnmos ¢S
Specifically, GVC trade measures the value of goods and servicetedxpo

by a sector or country that crosses more than one border, whereas
GONFRAGAZ2YLEFE OGN} RSé¢ YSIadaNBa GKS @It d
one border (see Borin and Mancini, 2019). GVC trade can be seen as the
sum of two measures of cro$®rder inkages: backward and forward GVC
participation. The first measure looKsack along the value chain by
measuring the value added of foreign inputs included in a country's exports,

" The ELR8 countries plus Australia, Brazil, Canada, China, Norway, India,
Indonesia, Japan, Korea, Mexico, Russia, Switzerland, Taiwan, Turkey, and the
USA.

v v oA v

84+ fdzS FRRSR¢ NBFfSOGa GKS @I fdzS GKIFQ
industries inproducing goods and services by all factors that are involved in any
stage of the production.
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whereas the second measure lodksward by measuringhe value added

of the domesticinputs of the country contained in the exports of other
countries along the value chain. Broadly speaking, these two linkages trace
how much imports of intermediates are embedded in a country's exports
and how much of a country's own productiohintermediates is absorbed

by demand from global markets, respectively (see Borin et al., 2021).

To disentangle these two modalities, we apply the methodology developed
by Wang et al. (2013) Thus we computethe following GVC trade indices

at the industry level:

- backward GVC tradgroxied by theforeign valueadded (FVA)
component & sectoral exports, that is, the value added contained in the
intermediate inputs imported from abroad embedded in the exports of
intermediate goods (including pure double countif§Yhis captures the
extent of involvement inhe GV@f relatively downsteam industries;

- forward GVC traderoxied by theindirect domestic valuadded
(DVX) component of sectoral exports, that is, the domestic value added in
the exported intermediate goods, further +exported by the partner
country!!It measures GVC participion, as it contains the exporter's value
added for a specific sector that passes through the direct importer for a (or

9Wang et al. (2013)eneralize the gross exports accounting framework proposed

by Koopman et al. (2014) from a counteyel perspective to one that
decomposes gross trade flows at the sector, bilateral, or bilatszator level.
TheWangetal. (201)& FTNI YSG2N] Aa AYyF2N¥IGABS o6S
to extract vale-added exports from gross exports, but also to recover additional

useful information on the structure of international production with a high level

of disaggregation. In our work, we calculate iMang et al. (2018)a O2 YLIR2 Yy Sy (i 3
at countrysector level by aggregating the bilatessdctor trade flows. Other

concurring methods propose dated breakdowns of trade flows: see, among

others, Los and Timmer (2018) and Borin and Mancini (2019).

10 |n the WIOD dataset, products are distinguished into intermediates by other
industries, intermediate inputs, and final products by firms, stocks, gnods

fixed capital formation (other than household and government consumption).
Backward GVC patrticipation sums up the terms T12, T13, T15, and T16 of the
Wang et al. (201)&4 RS O2YLRaAGA2y® LG AyOftdzRSa Gf
foreign sources arising when intermediate goods cross borders back and forth
multiple times.

Y4t sums ughe terms T&T8 of theWang etal. (2014 RS O2Y LR AAGA2Y O
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some) stage(s) of production before it reaches a third country (or eventually
returns home)!? More specifically, it captures the cortirition of the
domestic sector to the exports of other countries and indicates the extent
of involvement of relatively upstream industries in the GVC.

Summing up the two indicators, we obtain an overall measuta@WIOD
sectoral GVC trade.

3.1.2.2 Th&eUEFIGE dataset

The ELEFIGE dataset includes data from a survey of manufacturing firms in
seven EU countries (Austria, France, Germany, Hungary, Italy, 8pdin
the United Kingdom (UK)) with 10 or more employ&ddsingEFIGE data,

we aim to compute tb firm-level counterparts of the industry measures of
GVC trade computed using the WICHE3 mentioned aboveOur goal here

is to determine the firrdevel categories of GVC trade that are comparable
to sectoral GVC measures, although derived from diffedaté sources. To

this end, we adopt a twatep procedure. First, following Veugelers et al.
(2013), we classify firms into the following modés:

12The DVX component algwcludes the returned value added, that is, the portion

of domestic value added that is initially exported but ultimately returns home by
being embedded in the imports from other countries and is consumed at home.
13 EFIGE data are fully comparable acrossntries, as they are derived from
responses to the same questionnaire administered over the same time span
(JanuargMay 2010). The fact that the EFIGE dataset does not include micro
enterprises (i.e., with less than 10 employees) introduces a small s@iiroias

in our comparative exercise with sectoral GVC measures. However, according to
Eurostat data for our investigated countries, the average number of the exporting
micro enterprises is less than five percent of the total number of firms (see

Eurostat ext_tecOl available at
https://ec.europa.eu/eurostat/databrowser/view/ext tecOl/default/table?lang
=en).

14 Due to the nature of the EFIGE dataset, we have reththe same firm modes
through the panel. Furthermore, we believe that this assumption is better than
0dKS Fft OSNY I GA @GS 2T fFrO1AYy3 Iy e 1AYR
characteristics, as usually done in the context of MRIO data.



https://ec.europa.eu/eurostat/databrowser/view/ext_tec01/default/table?lang=en
https://ec.europa.eu/eurostat/databrowser/view/ext_tec01/default/table?lang=en
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1) Singlemode, in which firms are only exporters of intermediates (that is,
they act as outsourcers of inpufisr other firms abroad}?

i) Dualmode, in which firms are both importers of materials and services
and exporters of intermediates.

These firmlevel categories represent the nearest micro counterpart of
country/sectoral GVC trade because they include irtgpand exports of
intermediates that flow across at least two borders. Taking advantage of
the availability of panelevel balance sheet data from the Amadeus
database for a subset of surveyed firms includethenEFIGE datave also
compute a firmspecfic measure of labor productivity for the period 2@01
20141 Labor productivity is useas a proxy for firmevel productivity!’

151n the EFIGE dataseoods purchased by enterprises for their production are
distinguished by respondents into raw material and intermediate goods.
Unfortunately, EFIGE data do not provide any additional information regarding

the final destination of intermediates (whethétr is the direct importer or the

third countries to which they are further exported). This is different from the
sectoral counterpart of the GVC measures, namely DVX. Furthermore, EFIGE data
do not observe domestic firo-firm transactions of exports. Hee firmlevel

GVC measures do not incorporate domestic transactions of intermediates
0SG6SSYy GAYLRNISNI 2yftéeé |yR aSEL2NISN
estimated coefficients using both sectoraind firmlevel measures shows that

these differencegrove to be negligible.

6 Due to missing variables, firfavel productivity is available for around half of

the firms in the original EFIGE sample. Altomonte et al. (2013) provide a detailed
discussion of the characteristics of the restricted matched danapd find no

major differences with respect to the unrestricted sample, except for country
representativeness; Italy, France, and Spain are the countries with the highest
level of firmlevel productivity data.

17Our measure of labor productivity is valadded (the values are expressed in
thousands of euros) over total labor (total number of permanent and temporary
LINE RdzOGA2Y 62N] SNBRODP ¢KA& LINREASA GKS
domestic value added separately from the other vaadegled componerg, and

the results less influenced by foreign sources of value added.
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3.1.3 Descriptive analysis
Our analysis focuses on four major European countries: France, Germany,
Italy, and Spaitf. Figire 3.1.1 reports a preliminary descriptive
comparative analysis of the shares of GVC trade derived thenwWI1OD
(averages for the period 20Q2014) computed as percentages of gross
exports!® It shows clear sectoral heterogeneity in all countries under
investigation. As expected, food products and beverages showed the lowest
degree of GVC trade, whereas input industries (such as basic metals, coke
and petroleum)show the highest degree. FiguBel.2 compares the shares
of GVC trade measures derived frone WIOD and EFIGE. In the latter case,
the shares of GVC trade for EFIGE are computed as percentages of exports
of the selected GVC firms (singland duaimode categories)?® This
confirms the presence of strong sectoral heterogeneity and possible
sourcesf bias in comparinthe micro and sectoral measures of GVC trade.
This is likely induced by the-salled aggregation bias, that is, the fact that
aggregation leads to overstated trade in value added and, correspondingly,
understated foreign value addedf gross export (Bems and Kikkawa,
2021)?! Figure 3.1.3 provides a preliminary visual inspection of the
correlation between thessectoral and micraneasures of GVC trad@. It

8\We do not include the UK because its productive struatubased on financial

and knowledgdntensive business servicess quite different from that of
France, Germany, Italy, and SpaHungary and Austria are excluded because
they are much smaller economies, and hence, comparisons are not unlikely to be
particularly significant.

19 Although the WIOD covers the time span 26R014, the empirical analysis is
limited to the subperiod 2002014, because this is the time span available in
the Amadeus pandkevel balance sheet data. For consistency, we also report the
descriptive data fom the WIOD using the syteriod 200L%2014. All WIOD values
have been converted to euros by using the World Development Indicators (WDI)
annual official exchange rates.

20 A different version of the same figure, where we computed both FVA and DVX
in percenage of intermediate exports is reported in Figu in the Appendix.

21 The magnitude of this bias is ultimately an empirical issue. Bems and Kikkawa
(2021) show that the magnitude of this bias varies across countries (fgim 2
percentage points of grogxports for Belgium to 17 percentage points for China).

22 A different version of the same figure focusing on GVC trade in intermediates
is reported in Figur@d3 in the Appendix.
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shows a highly significant (99% confidence interval) positive correlation
betwSSy (GKS G¢2 YSIFadaNBa O6NBtSOryd S
NBELINR RdzZOG A2y 2F NBO2NRSR YSRALFE YR
LISGNRf SdzyY LINPRdAzOG &3¢ 6KAOK NBO2NR |
and a very high GVC trade from EFI@Epectively. FiguesAla) and Alb)

in the Appendix show the same correlation for the backward and forward
subcomponents of both measures of GVC trade, confirming the same
pattern,whereas a clear heterogeneous pattern is showtrigureA2 by

plotting the same correlatioby sector.However, these visual inspections

do not consider structural differences among sectors, countries, and times

as shown in Figurg.12. Table3.1.1 provides the results of the regression
analysis to ease these constraints




BATModel

better agri-food trade modeliing for policy analysis

Figure3.1.1 - Shares of GVC trade (WIOD data) for the investigated

countries (average values, 2G(2D14)
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Source Authors' elaboration
Notes FVA, foreign value added; DVX, indirect domestic value added. The
shares of GVC trade (FVA and DVX) are computeeresnages of gross
exports.

Figure3.1.2 - Shares of GVC trade by sector (WIOD vs EFIGE measures)
(average values, 20Q2014)
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Source Authors' elaboration
Notes The shares of GVC trade for the WIOD are computed as shown in Figure
3.1.1. The shres of GVC trade for EFIGE are computed as percentages of
exports of the selected GVC firms (singled duaimode categories).
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Figure3.1.3 - Linear correlation between macro and micro measures of
GVC trade by sector (20€2014)

GVC Trade from WIOD

12
GVC trade from EFIGE

Source Authors' ehboration
TheD+/ GNJ} RS Aa KSNB SELINBAa&aSRERGEIt | ( dzNJ f
computed as the sum of exports of selected GVC firms (siagteduaimode
categories).

To clean our dataset for potential outliers and maintain consistencly wit
the hypothesis of a normal distribution, we also apply the minimum
covariance determinant (MCD) estimator, which has become standard in
robust statistics to identify outliers and is particularly well suited for
multivariate outlier identificatior?® Table 3.1.1 confirms the significant
positive and strong correlation between the two measures of GVC trade at
the sectoral level. In Column, 2ve replicate the analysienly for the
backward component of GVC trade, and in Colunwn8, for the forward
measuresof GVC trade. In both cases, a significant positive correlation is
confirmed (weaker in the case of forward GVC measures). However, this
specification does not control fathe industry effects. This would help
control for possible timenvariant confoundes, thus making our

23 The basic idea of MCD is to identify the subsample containing 50% of the
observations associated with the smallest generalized variance.
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correlation more robust. In contrast, industry effects would inevitably
absorb part of the sectoral differences in GVC trade (those that are not time
variant). Columns @b report the outcomes with the industry fixed effects
specificatim. As expected, although lower, the correlation between our
two measures of GVC trade holds. This is because industry effects have now
absorbedbetween variations. However, the goodness of fit significantly
improves (adjusted Bquared increases to approxately 0.90)*

Table3.1.1 - OLS correlation between macro and micro measures of GVC

indicators by sector (20@2014)

In GVC trade In Backward In Forward In GVC trade In Backward In Forward
(WIOD) trade (WIOD)  trade (WIOD) (WIOD) trade (WIOD) trade (WIOD}
(1) (2) (2) (4) (5) (6)
In gvc trade (EFIGE) 0.471%*= 0.212%*=
(0.0482) {0.0210)
dual-mode trade (EFIGE) 0.487%** 0.234%%*
{0.0558) {0.0225)
single-mode trade (EFIGE) 0.254%%* 0.0687%**
{0.0352) {0.0115)
cons 2.413%== 2.012%%* 4.935%== 5.105%*= 5.874%== 6.493%%*
{0.643) {0.753) {0.468) {0.292) {0.313) {0.185)
country effects yes yes yes yes yes yes
time effects yes yes yes yes yes yes
Industry effects no no no yes yes yes
Obs 996 932 877 996 992 877
adj. R-sq 0.314 0.275 0.233 0.914 0.907 0.885

Notes Coefficient is statistically significant: * at the 10% level; ** at the 5% level,
*** at the 1% level; no asterisk indicatebdt the coefficient is not significantly

different from zero.

Robust standard errors in parentheses.

3.1.4 Empirical analysis

After verifying the presence of high correlation between our two measures
of sectoral GVCs, to further check the consistencyhefmicreand macre

level data, we investigate the relationship between both GVC indicators and
firms' productivity. This relationship is one of the most debated issues in
literature. The findings of the few studies based on flevel data highlight

the positive impact of GVC firms' participation on firm performance

24 Notably, although different GVC measures computed from the same data
sources are highly correlated, consistency between micro and macro data cannot
be taken for granted.

@)fE!
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(Pietrobelli and Rabellotti, 2011; Veugelers et al., 2013; Giovannetti et al.,
2015; Del Prete et al., 2017; Bahn et al., 2020; Brancati et al., 2020; World
Bank, 2020) while outlining that gairirom GVC patrticipation significantly
depend on firms' positions in the chains (Veugelers et al., 2013; Agostino et
al., 2015; Accetturo and Giunta, 2018; Alfdoena, 2022). The boost in
firm productivity, particularly significant for the twway trades' firm
typology (here approximated by the firms' dual mode), is due to several
factors that take place due to the vertical specialization of firms. The
interconnectedness among firms favors, in fact, technology transfer,
knowledge spillovers, firms' spadization, use of a variety of intermediate
goods,andincreasing pressure to innovate.
Our empirical investigation of this relationship is the ideal playground for
testing pilot combinations of micro and macro approaches by integrating
firm-level charactastics and sectordevel GVC participation indices
derived from globaldO tables. The crossectional nature of the original
EFIGE data survey hampers a comprehensive empirical investigation of the
determinants of labor productivity augmented with emipal measures of
GVC patrticipation. Howevehy taking advantage of the availability of
balance sheet panel data for a subsample of surveyed firmscave
produce sound empirical estimates of the relationship under investigation
by controlling for both tine effects and timanvariant sectoral and firm
characteristics. Specifically, we test the following two empirical
specifications: .

— | ] Qe - t 7 9 [1]
whereQlenotesthe sector,and 0 denotes time —is the natural logarithm
of labor productivity by sectoigvcrepresents the measures of GVC trade
(that is, alternatively, the natural logarithms of the values of exports of
firms classified under single forward and dual modes of internationalization
and the natural logarithms of the WIODdicators of GVC trade}; , T,
andg are country, industry, and time effects, respectively; ang the

error term. .
T I QU w T e ] - [2]
where'@enotesfirmi A4 GKS Yyl GdzNF £ €23FNAGKY 27
gvcindicates the natural logarithms of GVC trade by sector/finy, e |,
and] are firm, country, industry, and time effects, respectively; and
the error term.

@)fE!
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Table3.1.2 providesthe empirical results of Eq. 1. This shows that both
measures of sectoral GVC indicators are significantly and positively
associated with average firm productivity, as expectedlote that the
magnitudes of the stimated coefficients of the two (macro and micro)
measures are not statistically different when compared at the sectoral level
(Column 1 with Columns 4 and 7). Thus, possible sources of bias between
our two measures of GVC trade (micro and macro) do rpgear to
produce any significant bias in the corresponding estimated coefficfénts

In Columns &3 and 45, we disentangle both GVC measures into their
respective backward and forward components. These results are highly
consistent with thosef previousstudies, includinghe underestimationof

the estimated coefficients fdvoth backward and forward WIOD indicators.
As for the firm measures, we run another test by controlling for industry
fixed effects. Although these latter coefficients are lower in magie (as
industry effects absorb the timmvariant heterogeneity of GVC
participation across sectors), their relationship with firm productivity is still
statistically significant. However, in both cases, the difference between the
backward and forward aefficients is not statistically significant, as
expected.

25 Notably, this empical exercise is meant as a further empirical test to
investigate the consistency of using alternative GVC indicators. Hence, we do not
make any casual interpretation of the estimated relationship.

26 The null hypothesis of equality of coefficients is nejected with a level of
confidence of 0.01 in both cases.




Table3.1.2 - Panel estimates of the relationship between firm productivity
("average firm productivity" by sector) and alternative sectoral measures
of GVC participation (20Q2014)

Notes Ceefficient is statistically significant *at the 15% level; ** at the 5% level,
*** at the 1% level; no asterisk indicates that the coefficient is not significantly

different from zero.
Robust standard errors in parentheses.



























































































































