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Abstract
A substantial part of production and trade now takes place through global value chains (GVC), making it an essential conduit
of knowledge spillover and technology transfer. Yet, extant studies examining how countries become productively efficient
and catch-up to the global efficiency frontier through international trade have ignored the possible role of GVC in fast-
tracking this process. This paper provides the first empirical evidence that fills this knowledge gap. We propose a two-stage
empirical strategy to this end. First, we use a data envelopment analysis (DEA) approach to compute a measure of productive
efficiency—defined herewith as a country’s relative productive efficiency to the global productive efficiency frontier.
Second, we use the productive efficiency index as an outcome variable in a reduced-form equation that controls for GVC
participation and its interaction with country characteristics that influence the gains from GVC participation. In addition to
using the panel fixed effect method, we estimate the reduced-form equation with the difference-GMM to address
endogeneity issues, and the Tobit and Fractional Response models to address the bounded nature of the productive efficiency
index. We find strong evidence suggesting that GVC participation enables technology-lagging countries to become more
productively efficient as well as catch-up to the global efficiency frontier. We also find that the productive efficiency and
catch-up gains from GVC participation accrue more strongly to countries that have a high human capital stock, a well-
functioning financial market, maintain stable macroeconomic conditions, and specialize in downstream activities in the
value chain.
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1 Introduction

One of the most prominent aspects of the current wave of
globalization is the fragmentation of production stages into
different tasks that are performed sequentially across multiple
national borders. This phenomenon, which is now popularly
known as the global value chain (GVC), has offered numerous

benefits to both developed and developing countries. Extant
studies indicate that through GVC participation, countries—or
more specifically, firms—are provided with essential oppor-
tunities to specialize in core tasks that contribute positively to
productivity growth (see Amador and Cabral 2015).1 GVC
participation also provides countries with opportunities to
acquire productive and technological capabilities (Hausman
2014; Pahl and Timmer 2020; Ndubuisi and Owusu 2021;
Owusu 2021). Other things equal, these opportunities should
trickle down into better productive efficiency and, in turn,
contribute to the convergence of countries towards the global
productive efficiency frontier. This argument is consistent with

* Gideon Ndubuisi
g.o.ndubuisi@tudelft.nl

1 Delft University of Technology (TU Delft), Delft, the Netherlands
2 German Institute of Development and Sustainability (IDOS),

Bonn, Germany
3 UNU-MERIT/Maastricht University, Maastricht, the Netherlands
4 Oxford Martin School, University of Oxford, Oxford, UK

1 The underlying argument here is that participation in GVC offers
firms the opportunity to outsource activities they have a less com-
parative advantage and concentrate on core activities where they have
a competitive advantage while using limited production resources
more efficiently.
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erstwhile studies suggesting that productive and technological
capabilities are an important determinant of productive effi-
ciency and global productivity convergence (Benhabib and
Spiegel 1994; Tzeremes 2014; Danquah and Ouattara 2015;
Danquah 2018; Das and Drine 2020; Ndubuisi et al. 2022).

GVC can, therefore, be considered a strong predictor of
productive efficiency and convergence. For instance, both
knowledge spillovers and outright technology transfer through
GVC favor a parsimonious accumulation of productive and
technological capabilities that engender a more efficient tech-
nique of production across borders. A similar benefit emanates
from both the disciplinary competition effects and the spe-
cialization in core competencies associated with GVC. Bald-
win (2016) hints at this in his book, noting that the unbundling
of GVC has led to the “great convergence”. He alludes further
that GVC has led a selected number of emerging economies to
industrialize and enlarge the scale of manufacturing activities
to kickstart their convergence journey, sometimes converging
to the income levels of advanced economies. A similar view
underscores the recent endorsement of GVC by development
agencies and international organizations as an easier route to
unlock the long-awaited economic transformation of devel-
oping countries (e.g., UNIDO 2018; World Bank 2020;
Abreha et al. 2021). Despite these, the GVC literature is yet to
empirically examine the productive efficiency and con-
vergence effects of GVC.

At best, existing studies have predominantly focused on
GVC’s effect on income per capita or productivity growth
(Criscuolo and Timmis 2017; Constantinescu et al. 2019;
Ignatenko et al. 2019; Pahl and Timmer 2020; Owusu 2021;
Jangam and Rath 2021). Furthermore, these studies have to a
greater extent proceeded with an implicit assumption that the
income per capita or productivity gains from GVC are auto-
matic. This is evident by their predominant neglect of country
idiosyncrasies that act as enablers or inhibitors of productivity
gains from GVC. However, a long-standing view in the lit-
erature is that gains from GVC are not automatic and depend
on a host of other factors such as firm, industry, and country
characteristics (Morrison et al. 2008; Sampath and Vallejo
2018; Amendolagine et al. 2019; Mazzi et al. 2020; Ndubusi
and Owusu 2021). Admittedly, two important exceptions to
the literature on the productivity growth effects of GVC are
Pahl and Timmer (2020) and Owusu (2021). In addition to
examining the linear relation between GVC and productivity
growth, these papers examine how this relationship is influ-
enced by a country’s natural resource endowment.

Against this backdrop, the objective of this paper is
twofold. First, we deviate from the predominant focus on
income per capita or productivity growth and examine the
effect of GVC participation on productive efficiency—
defined herewith as a country’s relative productive effi-
ciency to the global productive efficiency frontier. Hence,
our study does not just capture how GVC participation

enables a country to become productively efficient, but how
it expedites the country’s catch-up process to the global
efficiency frontier. The importance of operating at the glo-
bal efficiency frontier cannot be overemphasized. Among
others, countries that are able to operate at the global effi-
ciency frontier compete effectively in the global market,
increase their market reach by targeting high-growth mar-
kets, increase the complexity of their export bucket, and
increase the incomes and welfare of citizens (Yang et al.
2021). Hence, understanding the factors that drive produc-
tive efficiency as per bridging a country’s productive effi-
ciency gap to that of the global frontier is of utmost policy
importance. In the second objective of this paper, and
inspired by the view that the gains from GVC are not
automatic, we investigate how a country’s macroeconomic
conditions shape the nature of the relationship between
GVC and productive efficiency. For this we focus on the
role of human capital, macroeconomic distortions, financial
development, and the country’s position in value chains—a
contribution as far more expansive than Pahl and Timmer
(2020) and Owusu (2021).

To address our research objectives, we use country-level
data across 126 developed and developing countries for the
period 2000–2016. Countries can participate in GVC
through backward and/or forward linkages. Hence, we fol-
low recent developments in the GVC literature that mea-
sures the extent of GVC participation as the sum of the
share of foreign value-added used in a country’s exports
(we call this backward GVC participation) and the share of
a country’s domestic value‐added that enters as an inter-
mediate input in the value‐added exported by other coun-
tries (we call this forward GVC participation) (see
Amendolagine et al. 2019; Carril‐Caccia and Pavlova 2020;
Ndubuisi and Owusu 2021). Our empirical approach is a
two-stage strategy. In the first stage, we use a data envel-
opment analysis (DEA) approach to compute a measure of
productive efficiency. The DEA method is a non-parametric
linear programming method that has become a workhorse
tool to examine differences in productive performance and
efficiency. In this regard, one of its goals is to distinguish
countries that are on the global production frontier from
lagging countries (Enflo and Hjertstrand 2009). Originally
used for efficiency analysis at the micro-level, DEA has
gained prominence as a non-parametric approach to study-
ing productive performance and convergence at the meso
and macro-level.

As a non-parametric method, DEA provides several
advantages over alternative approaches to studying pro-
ductive performance and convergence. For instance, unlike
the growth accounting and the stochastic frontier analysis
(SFA) approach, it neither requires any functional form
specification nor assumption about market structure and
optimization behavior (Margaritis et al. 2007; Enflo and

Journal of Productivity Analysis



Hjertstrand 2009). The DEA method also has the advantage
that it endogenously computes a virtual frontier. It uses this
to derive country-specific indicators, thus capturing the
distance of each country to the virtual frontier that can then
be used in a reduced-form equation. This negates making
any assumption that leads to defining a country (or coun-
tries) as operative at the frontier. It also leads to an index
that can be used in a reduced-form equation, providing a
more flexible framework to track country characteristics that
may influence the effect of the explanatory variable of
interest (in our case, GVC participation) on the outcome
variable. Knitted closely to this advantage, the second stage
of our empirical approach involves regressing the produc-
tive efficiency index (obtained from the DEA analysis) on
indicators of GVC and a host of other country character-
istics. In line with our second research objective, we also
regress the productive efficiency index on sets of interaction
variables comprising GVC participation and the country
characteristics of interests as aforementioned.

To preview our results, we find that GVC participation
has an unambiguously positive effect on productive effi-
ciency—that is, it enables countries to catch-up to the global
productive efficiency frontier. We also find that the pro-
ductive efficiency gains from GVC participation work
through backward and forward linkages in GVC. Our ana-
lysis of the intermediatory roles of country characteristics
reveals that the productive efficiency gains from GVC
participation are higher for countries that invest more in
human capital have a stable macroeconomic environment
and a well-developed and well-functioning financial market.
When we consider the role of position along the value
chains, we find that both participation and position in GVC
matter decisively for improving productive efficiency.
However, the productive efficiency gains from GVC parti-
cipation are higher for countries with downstream specia-
lization—i.e., countries that are closer to the final demand
stage. Finally, further analysis of two subsamples com-
prising developed and developing countries reveals that the
productive efficiency gains from GVC are stronger for
developing countries. Overall, our results underscore the
importance of GVC as a veritable channel of catching-up to
the global productive efficiency frontier, especially for
technology-lagging countries and countries that invest
effectively in human capital stock, maintain stable macro-
economic conditions, have a well-developed financial
market, and can specialize in higher value-added down-
stream activities of the value chains.

The rest of the paper is organized as follows: Section
“Literature review” reviews the related literature, further
providing theoretical insights underlining the relationships
of our study. The research design, including the description
of data sources, computation of variables, and descriptive
statistics, is presented in Section “Research design“. Section

“Results and discussion” presents and discusses the results.
Section “Conclusion” concludes.

2 Literature review

2.1 GVC and productive efficiency

Productive efficiency, otherwise known as technical effi-
ciency, is an important determinant of economic growth and
development. Descriptively, productive efficiency is the
effectiveness with which a given set of inputs are used to
produce an output relative to the maximum attainable out-
put that can be produced given the same inputs. In a global
setting, a productively efficient country will be operating at
the global best-practice frontier. Such a country also stands
to experience enormous output and productivity growth,
and ultimately, economic development. These benefits
associated with productive efficiency have led to an
expansive literature on its drivers. A strand of this literature
focuses on the productive efficiency gains of international
trade (Wang and Wong 2012; Danquah and Ouattara 2015;
Kounetas and Napolitano 2018; Danquah 2018; Das and
Drine 2020).2 In general, evidence from the above literature
shows an unambiguously positive relationship between
cross-border trade and productive efficiency.

Although these extant studies provide important insights
into the nexus between cross-border trade and productive
efficiency, they use a limited sample and are focused on tra-
ditional gross trade flow. Falling tariffs and advances in
transportation and communication technologies have led to the
unbundling of production stages. Hence, tasks that were pre-
viously performed within a country or the same facility are
now performed sequentially at different locations across
national borders (Baldwin 2012). According to the recent
World Bank Development Report, GVC accounts for almost
50% of global trade today (World Bank 2020). Hence, the
country-centric view of production requiring a full range of
domestic industries to assemble a final good has simply
become outdated and by extension, data on traditional gross
trade flows provide misleading figures of the current trade
exchanges. This has stimulated researchers to develop alter-
native statistics based on the value added in trade, which
captures the global fragmentation of production.

Our study contributes to the literature by being the first to
examine the relationship between GVC trade and produc-
tive efficiency by using a productive efficiency measure that
is computed with a (global) sample comprising almost all

2 Among others, these studies also examine the role of human capital.
Although not directly relevant to our study, other studies have
examined the role of information technology (Ndubuisi et al. 2022),
institutions and market conditions (Jayasuriya and Wodon 2005), and
public capital (Puig‐Junoy 2001).
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the countries in the world.3 Conceptually, we argue that
GVC participation, both through backward and forward
linkages, would lead to improvement in productive effi-
ciency arising through multiple channels. For instance, the
emergence of GVC has enabled a new global production
system where countries specialize in those tasks they have
core competence and competitive advantage. Other things
equal, this leads to more efficient usage of limited produc-
tion resources and contributes positively to productive
efficiency. Through GVC, countries now engage in the
global market and are exposed to global best practices. Akin
to this, GVC integration enables these countries to acquire
knowledge and technology either through technology
transfer from global lead firms or by learning from and
interacting with other value chain actors in an integrated
production process to boost productive efficiency. The pro-
competitive effect of GVC also forces domestic firms to
become more efficient while driving out the least efficient
ones, thus contributing positively to productive efficiency at
the country level.

2.2 GVC and productive efficiency: the role of
country characteristics

Although our discussion in the preceding subsection sug-
gests an unambiguously positive relationship between GVC
participation and productive efficiency, one of the long-
standing views in the literature is that the gains from GVC
are not automatic with extant studies suggesting that reaping
the gains from GVC depends on a host of other factors. For
instance, Amendolagine et al. (2019) show empirically that
while participation and upstream specialization in GVC is
associated with a higher share of inputs sourced locally by
foreign investors, this effect is larger in countries with
stronger rule of law and better education. Ndubuisi and
Owusu (2022) show that the wage effect of participation
and upstream specialization in GVC depend on labor mar-
ket regulation and the type of activities performed in GVC.
Against this backdrop, another contribution of our study is
to investigate how the productive efficiency gains through
GVC participation are influenced by other country char-
acteristics vis-à-vis human capital, macroeconomic distor-
tion, and financial development.

Beginning with human capital, differences in the skilled
endowment of labor across countries are a strong predictor
of how countries participate and specialize in GVC. For
instance, low-skilled labor in lower-income countries is
largely responsible for specialization in downstream
assembly-type activities in the value chain (Fernandes et al.
2022). It also explains why these countries’ upstream

specialization pattern is characterized by the supply of raw
materials with little or no value-addition (Ndubuisi and
Owusu 2022). However, low-skilled labor endowment
constrains participation in knowledge-intensive and com-
plex tasks in GVC, which are more economically rewarding
and offer the potential for social and economic upgrading.
Furthermore, GVC has been underscored as a revolutionary
conduit of knowledge and technology transfer and the
accumulation of productive capabilities (Hausmann 2014;
Ndubuisi and Owusu 2021; Pahl and Timmer 2020).
Hausmann (2014) argues that GVC participation enables a
parsimonious accumulation of productive capabilities. Such
knowledge and technology assimilation as well as accu-
mulation of productive capacities in GVC requires a con-
siderable level of human capital endowment and by
extension, unlocks productive efficiency gains through
GVC participation. The latter argument is consistent with
the view that human capital is an important factor that
determines the capacity to absorb and implement new
technology (Borensztein et al. 1998; Ali et al. 2016), as well
as help achieve productive efficiency and convergence
(Benhabib and Spiegel 1994; Nelson and Phelps 1966;
Tzeremes 2014; Danquah and Ouattara 2015). Taken
together, countries lacking in human capital may be locked
in low value-added tasks that offer fewer opportunities for
productive efficiency gains. There is also a lesser opportu-
nity for those countries to appropriate knowledge spillover
from the value chains in which they are integrated.

The distortionary impact of macroeconomic instabilities
on productive economic activities is well-established in the
literature (Ndubuisi et al. 2022). A stable and well-
functioning macroeconomic environment is key for active
business activities and efficient business functioning. The
inflation rate variability, black market premium, and interest
rate variability are widely used proxies for macroeconomic
conditions. Existing studies have shown that poor macro-
economic conditions, as measured by these indicators, dis-
incentivize economic actors from engaging in productive
economic activities or reaping the benefits thereof (Kandil
1992; Ćorić and Pugh 2010; Ndubuisi et al. 2021; Zheng
et al. 2021). It also prevents the economy from adjusting
effectively to technological change. Hence, poor macro-
economic conditions may limit the productive efficiency
gains through GVC participation as it constrains the ability
of economic actors to adjust to technological change or
engage in complementary investments that could help
appropriate the knowledge and technology embodied in or
transferred through GVC. In this case, this would moderate
the observed positive effect of GVC participation on pro-
ductive efficiency, leading to GVC participation producing
less than the optimal productive efficiency gain.

Extant studies suggest that access to finance is an
important determinant of international trade: unlike

3 We achieve this using the Penn World Table that contains indicators
for output, labor, and capital for almost all countries in the world.
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domestic producers, international trade is well associated
with huge variable costs and upfront fixed costs that make it
more vulnerable to credit market frictions (Amiti and
Weinstein 2011; Manova 2013; Konte and Ndubuisi 2021).
The vulnerability of international trade—export in particular
—to credit market friction is further exacerbated by the
relatively long period receipt from export sales takes com-
pared to domestic sales. While erstwhile studies have pre-
dominantly discussed this by focusing on traditional trade,
Fernandes et al. (2022) argue that the relationship is
stronger for GVC trade because GVC firms face both sunk
entry costs to export and import inputs. Access to credit also
requires a well-functioning and well-developed financial
market. In this case, a country’s financial development may
strongly matter for GVC participants. Akin to this, access to
finance or financial development is also important in reap-
ing the gains from GVC, including those linked to pro-
ductive efficiency. They enable GVC participating firms to
engage in complementary investments that are essential for
the gains of GVC to materialize. Such complementary
investment includes, but is not limited to, investment in the
labor force such as training and acquisition of specialized
skills as well as capital investments. Hence, access to credit
and financial market development becomes a necessary
condition for effective participation in GVC as well as in
reaping the gains from GVC.

3 Research design

3.1 Variables and data sources

3.1.1 Indicators of the global value chain

We source indicators of GVC participation from Ndubuisi
and Owusu (2021).4 The original data used to compute the
variables are from the EORA MRIO I-O database (Lenzen
et al. 2013), while the decomposition methods used to arrive
at the final variables follow Hummels et al. (2001), Koop-
man et al. (2011), Koopman et al. (2014), and Aslam et al.
(2017). To this end, our study follows existing studies (see
Amendolagine et al. 2019; Carril‐Caccia and Pavlova 2020;
Ndubuisi and Owusu 2021) to define country i’s GVC
participation level in period t in the cross-national inter-
mediate and value-added trade as:

GVC Participationit ¼ FVAit

TEit

� �
þ DVXit

TEit

� �
ð1Þ

where FVAit is the share of foreign value-added used in a
country’s export, DVXit is the share of a country’s domestic
value-added that enters as inputs in the exports of other

countries, and TEt is country i′s gross export. The first term in
the right-hand side of the equation (FVA) captures the extent
of the country’s backward integration in GVC, while the
second term (DVX) captures the extent of its forward GVC
integration. Equation 1 is considered a standard measure of
GVC participation in the nascent GVC literature as it
acknowledges that a country participates in GVC either as a
“buyer” and/or “seller” of intermediate inputs, with higher
values of the resulting index (0-1) indicating more intense
GVC participation. As indicated in the introduction, our study
also considers whether the productive efficiency effect of
GVC participation depends on the country’s position in GVC.
To operationalize a country’s position in GVC, we follow the
extant literature that measures a country’s relative upstream-
ness position in the value chain (see Koopman et al. 2011;
Amendolagine et al. 2019; Ndubuisi and Owusu 2022).5

Higher values of the index indicate specialization in upstream
activities of the value chain, while lower values indicate
specialization in activities that are more downstream. A
country is upstream if it primarily supplies inputs to others,
while it lies downstream if it uses a large portion of
intermediates from others to produce final goods for exports
(i.e., activities closer to final demand).

3.1.2 Measuring productive efficiency

We use the data envelope analysis (DEA) to compute our
(relative) productive efficiency measure. The DEA is a non-
parametric linear programming method used for assessing the
efficiency and productivity of units, otherwise called decision-
making units (DMU)—where, for our context, DMU includes
each country in our sample. The method compares the effi-
ciency of each DMU with that of the others to construct a
convex cone or piecewise hull that envelops the data (Kumar
and Russel 2002; Van Dijk and Szirmai 2011). The upper
boundary of the convex cone represents the best-practice
production function or technology frontier and comprises all
productively efficient DMU in the dataset under considera-
tion. Therefore, this method constructs a global virtual pro-
duction function or technology frontier for the sample of
countries in our dataset and the associated efficiency level of
each country relative to the global virtual frontier. This
implies that our productive efficiency measure is neither a
measure of technical change (shifts of the frontier) nor
absolute productive efficiency.6 It is a measure of relative
productive efficiency—defined herewith as a country’s rela-
tive productive efficiency to the global efficiency frontier,
with the latter characterized as the global best practice. The
resulting index ranges from zero and one. Productively

4 See Ndubuisi and Owusu (2021) for a detailed discussion on this.

5 We particularly define the index as: GVC Positionit ¼ ln 1þ DVXit
TEit

� �
� ln 1þ FVAit

TEit

� �
.

6 For more on this see Pereira et al. (2021).
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efficient countries are those operating on the global frontier,
and thus have an efficiency score of 1, while productively
inefficient countries have an efficiency score of less than 1.

The DEA model is subdivided into two: the input-
oriented DEA and the output-oriented DEA. An input-
oriented DEA model measures the input efficiency by
looking at minimizing inputs for a given level of output,
while an output-oriented DEA model measures the output
efficiency by looking at maximizing the output for a given
level of input. The choice of an output-oriented or input-
oriented DEA approach is more of a researcher’s discretion
and has little or no strong statistical underpinning (also see
Coelli et al. 1998; Coelli and Perelman 1999; Huguenin
2012). Inspired by past studies (see Van Dijk and Szirmai
2011; Danquah 2018; Ndubuisi et al. 2022), the DEA model
we employ assumes that output is produced by two inputs:
labor and capital.7 We assume that under technology T, the
data are such that output y is producible by a set of inputs x.
The technology is fully characterized by its production
possibility set that is given as P(x)≡ {y: (x, y) ∈ T}, where
P(x) is the smallest convex free-disposal hull that envelops
the observed data, the upper boundary of which is a pie-
cewise linear estimate of the true best-practice frontier of
P(x) (Badunenko and Mozharovskyi 2016). Therefore, for
any given data (y, x) among a set of DMU, the output-
oriented productive efficiency is computed by solving the
following linear programming problem;

maxθ;τθ ð2Þ

Subject to:

PI
i¼1

yiqτi � yiqθq; q ¼ 1; ¼ ;Q

PI
i¼1

xijτi � xij; j ¼ 1; ¼ ; J

τi � 0

where column vector xi is the set of inputs—i.e., labor and
capital, yi represents output for the i-th country (out of I). The
j and q inequalities capture the free disposability of inputs and
output and represent the jth inputs and qth output for
countries, respectively. τ is I × 1 is a vector with the intensity
coefficient, indicating which countries are on the best practice
(non-zero n-values). This means the linear problem has to be
solved I times, to obtain a value of θ for each country in the

sample. Finally, productive efficiency, θ, is computed as 1/θ
with the inverse being the efficiency score which varies
between zero and one. If θi= 1, the country is on the frontier.
A country is below the frontier if θi < 1.

The assumption of the returns to scale is very important
in DEA specification as the efficiency estimates could vary
under different returns to scale assumptions. We compute
productive efficiency under the various returns to scale
assumptions and test for the returns to scale assumption
under which each country is scale efficient. These produc-
tive efficiency measures computed under the various returns
to scale are used to then calculate the scale efficiency for
each DMU as originally proposed by Färe and Grosskopf
(1985). To impose and choose the right returns to scale
assumption, we follow Simar and Wilson (2002) and use
the scale efficiencies to compute the test statistics. We then
test and choose the right returns to scale assumption under
the null hypothesis that the technology is globally constant
returns to scale (CRS) versus the alternative hypothesis that
it is globally variable returns to scale (VRS). In the case, the
null hypothesis is rejected (that is, if technology is not CRS
everywhere), a less restrictive null hypothesis is conducted
whereby the null hypothesis is that the technology is
globally non-increasing returns to scale (NIR) versus the
alternative hypothesis that it is globally VRS.

To avoid bias, a bootstrapping procedure is often used in
calculating the above tests (see Simar and Wilson
2000, 2011). The bootstrapping method for output-oriented
efficiency tests whether all the DMU in the sample are
similar in terms of technology and characteristics (homo-
geneous) or dissimilar (heterogeneous). In the case of the
former, the smoothed homogeneous bootstrap procedure is
used in the statistical test, while a heterogenous bootstrap
procedure is preferred in the case of the latter. Application
of the bootstrapping procedure to our data to calculate the
above test statistics reveals that a homogenous bootstrap can
be used to perform the output-oriented productive efficiency
under the assumption of CRS.8 Hence, our preferred effi-
ciency scores are those under CRS specifications. Finally, to
correct for potential bias in the computed productive effi-
ciency scores due to sampling error (see Simar and Wilson
2000), we follow the bias correction bootstrapping techni-
que of Badunenko and Mozharovskyi (2016) using het-
erogeneous bootstrapping to correct the bias in the
computed productive efficiency scores under the assump-
tion of CRS.

7 The output and input data we use to compute the productive effi-
ciency is from the Penn World Table. We use all the countries in the
dataset to compute the productive efficiency index after which we
selected observations for 126 countries due to data limitations of other
control variables used in the second stage of our empirical strategy.

8 The p-value of our null hypothesis Ho: that the Debreu-Farrell
output-based measure of technical efficiency under the assumption of
CRS can be used is 0.0706, we, therefore, fail to reject the null
hypothesis. The corresponding direct output of the test also shows
homogeneous bootstrap can be used when performing the output-
based technical efficiency measurement under the assumption of CRS
technology.
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3.1.3 Control variables

In addition to the variables described above, we source
variables that we use as controls from three databases: Penn
World Table, IMF database, and World Development
Indicators. Specifically, we source data on human capital
from the Penn World Table, while data on the inflation rate
and financial market development are sourced from the IMF
database. Data on other variables are taken from the World
Development Indicators. While we include these variables
in our model to minimize potential endogeneity (particu-
larly those arising from omitted variable bias) their inclu-
sion is guided and inspired by the broader literature on the
drivers of productivity growth and performance (see Nelson
and Phelps 1966; Benhabib and Spiegel 1994; Das and
Drine 2020; Ndubuisi et al. 2022).

3.2 Model specification

As noted earlier, our first research objective is to examine the
effect of GVC participation on productive efficiency, while
the second objective is to examine the country characteristics
that influence this relationship. Inspired by past studies that
examine the determinants of productive efficiency (see Nel-
son and Phelps 1966; Benhabib and Spiegel 1994; Das and
Drine 2020; Ndubuisi et al. 2022), the baseline equation that
guides our first objective is the following:

PDi;tþ1 ¼ β0 þ β1GVCit þ X0
itδþ λi þ λt þ μit ð3Þ

where PDi,t+1 is a measure of relative productive efficiency—
defined herewith as country i’s productive efficiency gap to
the global productive efficiency frontier at period t+ 1.
Although we argue that GVC participation predicts produc-
tive efficiency, it may well be that productive efficiency drives
GVC participation positively by reducing the fixed costs
associated with international trade. This scenario results in a
case of contemporaneous endogeneity. Hence, we expressed
the outcome variable—that is, PDi,t+1—in a lead form to
minimize this econometrics problem. Moreover, the premise
upon which we hypothesize that GVC is associated with
productive efficiency is because of the knowledge and
technology acquired through GVC. Such knowledge and
technology acquired through GVC require time to assimilate
as well as recombine into tasks that yield efficiency gains,
implying that the relationship between GVC participation and
productive efficiency entails a lead-lag relationship and is not
contemporaneous. Hence, our expression of the outcome
variable in a lead form is also intended to capture the
envisaged nature of this relationship.

Moving on, β0 in Eq. 3 is the intercept, while GVCi,t is
a country-level measure of GVC participation of country
i at period t. In line with our first research objective, it
follows that β1 is the parameter of interest and thus we

expect that β1 > 0. That is, higher GVC participation
enables countries to bridge their productive efficiency
gap to the global efficient frontier. As discussed in the
previous section, X′i,t is a vector of time-varying country
characteristics used as control variables. Following past
studies (see Nelson and Phelps 1966; Benhabib and
Spiegel 1994; Das and Drine 2020; Ndubuisi et al. 2021)
this includes human capital, inflation rate, natural
resource rent, population density, and financial market
development. We also include full sets of country (λi) and
time (λt) dummies, respectively, as their omission may
bias our results. The country dummies capture unob-
served time-invariant country-specific characteristics
such as culture, while the time dummies capture time-
specific shocks such as the global financial crises that are
common across countries. μi,t is the error term.

The second research objective requires augmenting Eq.
(3) to account for the interaction between GVC and country
characteristics. Hence, the baseline Equation that guides our
second research objective is the following:

PDi;tþ1 ¼ α0 þ α1GVCi;t þ α2Zi;t þ α3 GVCi;t �Zi;t

� �þ
X0
i;tδþ λi þ λt þ υi;t

ð4Þ
where all variables are as defined in Eq. (3), Zi,t is a country
characteristic of interest, and GVCi,t × Zi,t is an interaction
term comprising GVC participation and a country char-
acteristic of interest. The total effect of GVC participation
on productive efficiency in Eq. (4) is captured by
∂ PDi;tþ1ð Þ
∂ GVCi;tð Þ ¼ α1 þ α3Zi;t. However, we are more interested

in the differential productive efficiency effect of GVC
participation given the level of a country’s characteristic.
This is given by the parameter α3. Hence, α3 is our key
parameter of interest in Eq. 4. In line with our discussion in
Section “GVC and productive efficiency: the role of country
characteristics”, we expect α3 > 0 in the case of an
interaction term comprising GVC participation and either
human capital or financial development. A statistically
significant positive coefficient in this case indicates that the
productive efficiency gains of GVC participation increase as
the level of human capital or financial development rises. In
the case of the interaction term comprising GVC participa-
tion and inflation rate, we expect α3 < 0 implying that the
productive efficiency gains of GVC participation decrease
at higher levels of macroeconomic distortion as proxied by
the inflation level. Finally υi,t is the error term.

3.3 Estimation strategy

Our empirical approach is a two-stage strategy. The first stage
consists of using the DEA method to compute a productive
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efficiency index as described in Section “Variables and data
sources”. The second stage regresses the productive efficiency
index on indicators of GVC participation, country character-
istics variables, and the interaction term comprising GVC
participation and a country characteristic of interest (see Eqs.
(3) and (4)). Concerning the latter, Eqs. 3 and 4 have two
unique characteristics that require careful consideration to
avoid biased estimation. The first characteristic stems from the
bounded nature of the productive efficiency index. By con-
struction, the index is censored to range between zero and one,
implying that the mere adoption of linear estimation methods
leads to model misspecification and dubious statistical infer-
ence. To guard against this and to solve the boundary problem,
past studies complement linear regression with Tobit regression
(Ji and Lee 2010; Pereira and Marques 2022). Hence, we
employ the Tobit regression as our preferred estimation strat-
egy and also show in the appendix section results obtained
using the panel fixed-effect method. In addition, we show
results from the fractional response model. Among others, the
fractional response model is developed for regression models
like ours that have an outcome variable that is bounded
between zero and one (see Papke and Wooldridge 1996, 2008).

The second characteristic that requires careful consideration
is the endogeneity issue. Our discussion in Section “Model
specification” has already highlighted one source of such a
problem: simultaneity bias. Although we argued that expres-
sing the outcome variable in a lead form minimizes this bias,
we adopt a formal econometric approach to address it. More-
over, our empirical specification is subject to another source of
endogeneity—omitted variable bias. To be fair, the inclusion of
country and time fixed-effects expunge part of this endogeneity
bias—especially for those arising from macroeconomic shocks
that are common across countries (e.g., the global financial
crisis) and (un)observed time-invariant country-specific char-
acteristics. However, both equations are still susceptible to bias
that may result from omitted time-varying factors. We formally
address these endogeneity concerns by employing the differ-
ence generalized method of moments (GMM) proposed by
Arellano and Bond (1991). Successful implementation of the
method requires a re-specification of the original (static)
equation into a dynamic form, and then the estimation proceeds
in two steps: time differencing of the dynamic equation (to
remove the country fixed-effects) and instrumenting the
endogenous variable with its previous values (Roodman 2009).
It is important to note that while the difference-GMM
addresses our endogeneity concerns, it does not address the
boundary problem discussed earlier. Hence, our preferred
estimate remains those obtained from Tobit regressions.

3.4 Descriptive statistics and preliminary analysis

Table 1 shows the basic summary statistics of the variables
used in our analysis, including those—i.e., output, capital, and

labor—used to compute productive efficiency. Panel A shows
these statistics for the full sample, while Panels B and C show
the statistics for two subsamples: developed and developing
economies. Our definition of developed and developed
economies follows the IMF classification. IMF defines coun-
tries as either advanced markets, emerging markets, or low-
income countries. Relatedly, we define developed countries as
advanced markets, while developing countries include emer-
ging markets and low-income countries. The full sample
comprises 126 countries for 17 years beginning from the year
2000 to 2016. We, however, lose one period of observation
because of the lead form we adopt in the model specification.
Hence, we are left with a total number of 2016 observations
(=126*16). The total number of observations for developed
(developing) economies is 528 (1488) and it comprises 33 (93)
countries. Table 7 in the appendix provides further descriptive
statistics on the temporal dimension of the indicators used in
our analysis for three consecutive periods: 2000–2004,
2005–2009, and 2010–2016.

Table 2 shows the pairwise correlation. From the table,
productive efficiency is weakly correlated with the other
variables. Its highest correlation is with human capital which
is merely about −0.18. The aggregate GVC participation
index (which is our main explanatory variable) also corre-
lates weakly with the control variables, although not as weak
as in the case of productive efficiency. Its highest correlation
with the controls is still human capital with 0.40. This is
followed by financial development (0.38). Among the GVC
indicators, the aggregate GVC participation correlates
strongly with forward GVC (about 0.77), but is weakly
correlated with backward GVC (about 0.21). A strong cor-
relation between forward GVC and aggregate GVC is
expected since, by construction, the latter is computed using
the former. We expected a similarly strong correlation with
backward GVC, but this turned out otherwise. Backward
and forward GVC is also not perfectly correlated, showing
only a negative correlation of about -0.45. This corroborates
the view that countries—or more specifically, firms, parti-
cipate in GVC through backward and/or forward linkages,
suggesting that focusing only on one subcomponent pro-
vides an incomplete picture of a country’s overall GVC
participation. The GVC position correlates weakly with
aggregate GVC (about 0.43) but strongly with backward
(about 0.79) and forward (about 0.90) GVC. The strong
correlation with the GVC subcomponent is not surprising
since the position index is nothing other than the ratio of the
two subcomponents. Because of the strong correlation, we
do not consider the position measure jointly with either of
the GVC participation subcomponents in our regression
model. We do introduce it with the aggregate GVC parti-
cipation, but we only do this where we consider interactions.

Finally, Fig. 1 shows the kernel density plot of productive
efficiency across different levels of GVC participation.
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Beginning with the first figure, comprising two plots, we pool
the data on aggregate GVC participation across countries and
years and then split it into two groups using the 50th percentile
as the cutoff. Hence, “High GVC” equals GVC participation
for all observations at the 50th percentile and above, while

“Low GVC” equals GVC participation for all observations
below the 50th percentile. From the kernel density plot, we
observe that the distribution of “High GVC” is further to the
right while that of the “Low GVC” is to the left. In Table 3, we
present t tests for differences in means between the two

Table 1 Basic summary
statistics

Observation Mean SD Min Max

Panel A: Full Sample

GVC participation 2016 0.4591 0.1229 0.2036 0.9786

Backward GVC participation 2016 0.2300 0.0873 0.0103 0.5580

Forward GVC participation 2016 0.2291 0.1347 0.0017 0.9682

GVC position 2016 0.0038 0.1491 −0.6668 0.4397

Productive efficiency 2016 0.4191 0.1924 0.0645 1.0000

Output (log) 2016 11.4633 1.8835 7.2284 16.6546

Capital (log) 2016 12.7242 1.9845 8.1024 17.8174

Labor 2016 15.5644 46.5558 0.0800 521.6782

Human capital 2016 2.4986 0.6998 1.0694 3.7421

Natural Resources (log) 2016 1.7031 1.3181 0.0000 4.7705

Population Density (log) 2016 4.2379 1.4270 0.4338 8.9627

Inflation rate (log) 2016 1.9588 1.0709 −3.6539 6.4760

Financial development 2016 0.3498 0.2392 0.0417 1.0000

Panel B: Developed Economies

GVC participation 528 0.5500 0.1123 0.3154 0.8154

Backward GVC participation 528 0.2282 0.0665 0.0988 0.5247

Forward GVC participation 528 0.3218 0.1247 0.0941 0.6727

GVC position 528 −0.0705 0.1254 −0.4191 0.2635

Productive efficiency 528 0.4372 0.1709 0.1253 0.9544

Real Output (log) 528 12.5445 1.7576 8.9665 16.6546

Capital (log) 528 14.0694 1.7327 10.1416 17.8174

Labor 528 13.3698 26.8491 0.1481 150.2789

Human capital 528 3.2269 0.3351 2.2304 3.7421

Natural Resources (log) 528 0.5320 0.7076 0.0000 3.2047

Population Density (log) 528 4.4487 1.6248 0.9135 8.9627

Inflation rate (log) 528 1.3227 0.8146 −1.3008 3.4221

Financial development 528 0.6559 0.1826 0.2085 1.0000

Panel C: Developing Economies

GVC participation 1488 0.4268 0.1096 0.2036 0.9786

Backward GVC participation 1488 0.2306 0.0936 0.0103 0.5570

Forward GVC participation 1488 0.1961 0.1223 0.0017 0.9682

GVC position 1488 0.0302 0.1479 −0.6668 0.4397

Productive efficiency 1488 0.4127 0.1991 0.0645 1.0000

Output (log) 1488 11.0796 1.7749 7.2284 15.8534

Capital (log) 1488 12.2468 1.8444 8.1024 17.0889

Labor 1488 16.34315 51.7615 0.08 521.6782

Human capital 1488 2.2402 0.6072 1.0695 3.4497

Natural Resources (log) 1488 2.1186 1.2317 0.0012 4.7704

Population Density (log) 1488 4.1631 1.3439 0.4338 7.4749

Inflation rate (log) 1488 2.1844 1.0603 −3.6539 6.4769

Financial development 1488 0.2412 0.1437 0.0417 0.7033

The logarithm computation of natural resources and inflations rate uses a hyperbolic function
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groups. The productive efficiency mean of the “Low GVC”
sample is about 0.40 while that of the“High GVC” sample is
0.44. This difference in means is statistically significant, as
shown in the t-tests in Table 3. This first piece of evidence
suggests that higher GVC participation is associated with
higher productive efficiency gains.

For the second figure, comprising three plots, we also
pool the data on aggregate GVC participation across
countries and years. This time, however, we create three
groups comprising: (i) “High GVC” which equals GVC
participation for all observations at the 75th percentile and
above, (ii) “Low GVC” which equals GVC participation for
all observations at the 25th percentile and below, and (iii)
“Middle GVC” that corresponds to GVC participation for
all observations below the 75th percentile and above the
25th percentile. Again, we observe that the distribution of
“High GVC” is further to the right. This is followed by
“Middle GVC”, and then the “Low GVC”. To check the
mean difference among the three groups, we conduct dif-
ferences in means t-test for three pairs: (i) “High GVC” vs
“Middle GVC”, (ii) “High GVC” vs “Low GVC”, and (iii)
“Middle GVC” vs “Low GVC”. The result of this exercise
is reported in Panel B of Table 3. In general, there is a
statistically significant difference in the productive effi-
ciency between the groups “High GVC” and “Middle
GVC”, and “High GVC and “Low GVC”. However, there
is no statistically significant difference between the pro-
ductive efficiency of the groups of “Middle GVC and Low
GVC”.9 This may be signaling that countries belonging to
these two groups benefit equally from GVC participation.
Finally, to simultaneously perform a difference test among
the three groups, we perform an analysis of variance relying
on the ANOVA test. The result of this exercise is reported
in Panel C of Table 3. The p-value of 0.000 suggests that
there are statistically significant differences in the produc-
tive efficiency score between the three groups, at the 1%
significance level.

4 Results and discussion

This section proceeds in three steps. First, we present
regression results for the linear effects of GVC participation
on productive efficiency. Second, we examine potential
non-linearity in the relationship between GVC participation
and productive efficiency. The third section presents the
regression results for two subsamples: developed and
developing countries.
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9 In an unreported result, we also split the sample into two groups
using the 75th percentile as the cutoff, considering observations at the
75th percentile and above as “High GVC”, while observations that are
below as “Low GVC”. The results including the mean difference t-test
are largely in line with those obtained from the first figure.
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4.1 GVCs participation and productive efficiency: a
linear model

Table 4 shows the Tobit regression results of the effect of
GVC participation on productive efficiency. Column
1 shows the result when we regress productive efficiency on
the aggregate GVC participation index conditioning on time
and country fixed effects. The estimated coefficient of GVC
participation turns out positive and is statistically significant

at the 1% significance level, indicating that countries that
participate intensively in GVC catch-up to the global pro-
ductive efficiency frontier. Column 2 shows the result when
we include the control variables. The estimated coefficient
of GVC participation remains positive and is statistically
significant at all conventional significance levels.

Countries may participate in GVC through either back-
ward or forward GVC integration. Hence, columns
3–5 show the results when we consider the effect of

Fig. 1 Differences in GVC participation and productive efficiency:
Kernel Density Plots. In the first figure, comprising two plots, “high
GVC” equals GVC participation for all observations at the 50th per-
centile and above, while “low GVC” equals GVC participation for all
observations below the 50th percentile. In the second figure,

comprising three plots, “high GVC” equals GVC participation for all
observations at the 75th percentile and above, while "low GVC"
equals GVC participation for all observations at the 25th percentile and
below. “Middle GVC” corresponds to GVC participation for all
observations below the 75th percentile and above the 25th percentile.

Table 3 Differences in
productive efficiency across
GVC participation groups

Panel A Mean (No. of
Observation)

Low GVC High GVC |t value|

0.3958
(N= 1008)

0.4423
(N= 1008)

5.4677***

Panel B Mean (No. of
Observation)

Middle GVC High GVC |t value|

0.4085
(N= 1008)

0.4667 (N= 504) 5.6782***

Mean (No. of
Observation)

Low GVC High GVC |t value|

0.3927 (N= 504) 0.4667 (N= 504) 6.3959***

Mean (No. of
Observation)

Low GVC Middle GVC |t value|

0.3927 (N= 504) 0.4085
(N= 1008)

1.5400***

Panel C Source SS DF MS F Prob > F

Between groups 1.6043 2 0.8022 22.12 0.0000

Within groups 72.9951 2013 0.0363

***means statistically significant at the 1% significance level. Panels A and B show the results of mean
difference tests. For Panel A, “High GVC” equals GVC participation for all observations at the 50th
percentile and above, while “Low GVC” equals GVC participation for all observations below the 50th
percentile. For Panel B, “High GVC” equals GVC participation for all observations at the 75th percentile and
above, while “low GVC” equals GVC participation for all observations at the 25th percentile and below.
“Middle GVC” corresponds to GVC participation for all observations below the 75th percentile but above
the 25th percentile. Panel C shows the result of the analysis of variance using the Bonferroni multiple-
comparison test
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backward and forward GVC integration. Column 3 parti-
cularly shows the result when we regress productive effi-
ciency only on backward GVC integration, while column
4 shows the result when we regress productive efficiency
only on forward GVC integration. Column 5, on the other
hand, shows the result when we regress productive effi-
ciency jointly on both indexes of backward and forward
GVC participation. In all cases, we observe a significant
positive effect of backward and forward GVC participation,
indicating that participating in GVC through both channels
is a pathway by which technology-lagging countries catch-
up to the global productive efficiency frontier. This result is
in line with Piermartini and Rubínová (2021) who used a
sample comprising 25 developed and emerging countries to
test whether GVC spurs innovation through knowledge
spillover and if this effect works through backward and
forward GVC integration. In general, the results reported in
Table 4 suggest that GVC participation is a strong predictor
of productive efficiency.

Regarding the control variables, we observe that the
estimated coefficient of human capital is consistently posi-
tive across all the columns in the table indicating the
important role of human capital in the catch-up process. The
result is also consistent with the broader literature on pro-
ductive efficiency and convergence (see Nelson and Phelps
1966; Benhabib and Spiegel 1994; Das and Drine 2020). In
line with past studies (see Ćorić and Pugh 2010; Ndubuisi
et al. 2021), the estimated coefficient of the inflation rate is
consistently negative. This suggests macroeconomic
instabilities exert a distortionary impact on productive
economic activities. We consistently obtain a negative
estimated coefficient for natural resource rent, indicating a
potential negative association between resource dependence

and productive efficiency, a result that is somewhat in line
with the resource course literature (see Sachs and Warner,
2001; Gylfason 2001). We also obtain a negative statisti-
cally significant coefficient for population density at all
conventional significance levels. This result is consistent
with the view that high population density puts a strain on
public infrastructure and leads to both resource exploitation
and degradation of environmental quality that tend to
impact negatively on productivity (see Hakeem 2017).
Finally, we obtain a statistically insignificant effect of
financial market development.

Next, Table 8 in the appendix presents robustness results
using different estimation strategies as discussed in Section
“Estimation strategy”. Columns 1 and 2 report the results
from the fractional response method, while columns 3 and 4
report results from the panel fixed-effect method. On the
other hand, columns 5 and 6 report the results from the
difference-GMM method. Across all the columns in the
table, the results on the variables of interest are consistent
with those reported in Table 4. Assessment of the validity of
the GMM estimates is achieved using the second-order
autocorrelation test and the over-identification restriction
test for which the tests are reported on the last panel of
Table 8. Regarding the second-order autocorrelation test,
we observe that across all the columns the p value of AR(2)
is statistically insignificant at all conventional significance
levels. This indicates the absence of second-order auto-
correlation. Furthermore, the p values of the Hansen-J test
are also statistically insignificant at all conventional sig-
nificance levels across the four columns, suggesting that the
internally generated instruments for the endogenized vari-
ables are exogenous. We are, therefore, confident in the
validity of our instruments as both tests validate a proper

Table 4 Linear effect of GVC participation on productive efficiency: Baseline results

[1] [2] [3] [4] [5]

GVC participation 0.5236*** (0.046) 0.5321*** (0.044)

Backward GVC participation 0.2513*** (0.035) 0.6079*** (0.045)

Forward GVC participation 0.2876*** (0.074) 1.1267*** (0.094)

Human capital 0.1052*** (0.026) 0.1070*** (0.026) 0.0714*** (0.027) 0.0827*** (0.025)

Natural Resources (log) −0.0178*** (0.006) −0.0184*** (0.006) −0.0161*** (0.006) −0.0160*** (0.005)

Population Density (log) −0.2409*** (0.020) −0.2373*** (0.021) −0.2466*** (0.021) −0.2493*** (0.020)

Inflation rate (log) −0.0127*** (0.002) −0.0126*** (0.002) −0.0132*** (0.002) −0.0131*** (0.002)

Financial development 0.0420 (0.044) 0.0359 (0.045) 0.0193 (0.045) 0.0372 (0.043)

No. of observations 2016 2016 2016 2016 2,016

No. of countries 126 126 126 126 126

This table reports the result on the linear relationship between GVC participation and productive efficiency using the Tobit model; The outcome
variable in each column is productive efficiency, calculated using the data envelop analysis (DEA). The index is a relative efficiency measure
defined as the distance between the country’s efficiency score and the global efficiency score in a given period; The logarithm computation of
natural resources and inflation rate uses a hyperbolic function. Standard errors in parentheses; ***, **, * means the estimated coefficient is
statistically significant at p < 0.01, p < 0.05 and p < 0.10 significance level, respectively
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specification of our model. Put together, the results pre-
sented in Table 8 corroborate our previous conclusion that
GVC participation is a strong predictor of productive effi-
ciency. Moreover, these additional results suggest that our
conclusion is not driven by our choice of model specifica-
tion or estimation strategy and it is also not susceptible to
endogeneity issues.

4.2 Heterogeneous effect of GVC participation on
productive efficiency: the role of country
characteristics

The results and discussions from the previous section suggest
a positive association between GVC participation and pro-
ductive efficiency. Following our second research objective,
this section further probes whether this relationship is condi-
tional on other characteristics of the country. Table 5 reports
the Tobit regression results for this exercise. We begin by
exploring potential non-linearity in GVC participation. We
achieve this by augmenting Eq. (3) with a squared term of the
index of GVC participation alongside its linear term in column
1. As the results show, while the estimated coefficient of the
linear term of GVC participation remains positive (albeit, now
statistically insignificant) the squared term is significantly
positive at all conventional significance levels. Therefore, the

result on the squared term of GVC participation suggests that
the productive efficiency effect of GVC participation increases
as the level of GVC participation increases. In this case,
intensifying GVC participation is important in catching-up to
the global productive efficiency frontier.

Next, we consider the interaction between GVC partici-
pation and some country characteristics that are imperative
for effective GVC participation and in reaping the gains
thereof. We begin by considering the interaction between
GVC participation and human capital. Column 2 of Table 5
shows the baseline result for this exercise. The estimated
coefficient of the interaction variable is positive and statis-
tically significant at all conventional levels, indicating that
countries with higher human capital experience a better
productive efficiency gain from GVC participation. Hence,
the result is consistent with our conjecture in Section
“Model specification” regarding the importance of human
capital as a determinant of GVC participation and in pro-
viding the opportunity for those countries to appropriate
knowledge spillover in the value chains in which they are
integrated. More generally, the results are also in line with
the broader literature suggesting that human capital is an
important factor that determines the capacity to absorb and
implement new technology (Borensztein et al. 1998; Ali
et al. 2016). To show this, we graph the marginal effects of

Table 5 GVC participation, productive efficiency, and country characteristics

[1] [2] [3] [4] [5]

GVC participation squared 0.4611*** (0.149)

GVC participation × Human capital 0.1323*** (0.046)

GVC participation × Inflation
rate (log)

−0.0229 (0.015)

GVC participation × Financial
development

1.1970*** (0.187)

GVC position 0.8430*** (0.105)

GVC participation × GVC position -0.7793*** (0.152)

GVC participation 0.0155 (0.173) 0.2259* (0.116) 0.5759*** (0.052) 0.2246*** (0.065) 0.7800*** (0.065)

Human capital 0.1112*** (0.026) 0.0409 (0.034) 0.1015*** (0.026) 0.1053*** (0.025) 0.0886*** (0.025)

Natural Resources (log) −0.0170***
(0.006)

−0.0164***
(0.006)

−0.0176***
(0.006)

−0.0125** (0.006) −0.0136** (0.005)

Population Density (log) −0.2376***
(0.020)

−0.2289***
(0.021)

−0.2376***
(0.020)

−0.2294***
(0.020)

−0.2524***
(0.020)

Inflation rate (log) −0.0120***
(0.002)

−0.0124***
(0.002)

−0.0022 (0.007) −0.0122***
(0.002)

−0.0123***
(0.002)

Financial development 0.0377 (0.044) 0.0436 (0.044) 0.0448 (0.044) −0.5194***
(0.098)

0.0301 (0.043)

No. of Observations 2016 2016 2016 2016 2016

No. of countries 126 126 126 126 126

This table reports the result on the heterogenous relationship between GVC participation and productive efficiency using the Tobit model. The
outcome variable in each column is productive efficiency, calculated using the data envelop analysis (DEA). The index is a relative efficiency
measure defined as the distance between the country’s efficiency score and the global efficiency score in a given period. The logarithm
computation of natural resources and inflations rate uses a hyperbolic function. Standard errors in parentheses; ***, **, * means the estimated
coefficient is statistically significant at p < 0.01, p < 0.05 and p < 0.10 significance level, respectively
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the changes in GVC participation by different levels of
human capital for the results in column 2 in Fig. 2a. It
shows that the effect of GVC participation on productive
efficiency is positive and significantly different from zero
for all values of human capital, with the effect being higher
at higher levels of human capital.

Next, we consider the role of macroeconomic distortion as
captured by the inflation rate. Colum 3 of Table 5 shows the
baseline result of this exercise. Although the estimated coef-
ficient of the interaction variable is not statistically significant
at conventional significance, it is negative. This suggests that
macroeconomic distortions reduce the positive effect of GVC

participation on productive efficiency. Hence, the result, albeit
weak, supports our conjecture in Section “GVC and produc-
tive efficiency: the role of country characteristics” that poor
macroeconomic condition limits the productive efficiency
gains from GVC participation. This occurs because it con-
strains the ability of economic actors to engage in com-
plementary investments that could help in appropriating the
knowledge and technology embodied in or transferred through
GVC. In Fig. 2b, we graphically represent this relationship.
The graph shows that the positive effect of GVCs participation
on productive efficiency decreases as the inflation rate (our
measure of macroeconomic instability) rises. In this case, as a

[a] Marginal effects of GVC participation and productive 
efficiency by levels of human capital

[b] Marginal effects of GVC participation and productive 
efficiency by levels of inflation rate

[c] Marginal effects of GVC participation and productive 
efficiency by levels of financial development

[d] Marginal effects of GVC participation and productive 
efficiency by levels of GVC position

Fig. 2 Margin plots on the heterogenous effect of GVC participation on productive efficiency. The inflation rate is used as an empirical proxy
for macroeconomic distortion
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country intensifies its GVC participation levels in pursuit of
catching-up to the global productive efficient frontier, it must
also improve its macroeconomic environment.

As discussed in Section “GVC and productive efficiency:
the role of country characteristics”, economic actors require
access to finance to engage in complementary activities that
enable them to reap the productive efficiency gains from
GVC. Column 4 shows the Tobit regression result when we
test this view. The estimated coefficient of the interaction
variable is positive and statistically significant at all conven-
tional levels, indicating that countries with a well-functioning
and well-developed financial market gain more in terms of
improvement in productive efficiency from GVC participa-
tion. Hence, the result strongly supports our conjecture in
Section “GVC and productive efficiency: the role of country
characteristics” that access to credit and financial market
development is a necessary condition for effective participa-
tion in GVC as well as in reaping the productive efficiency
gains from GVC. We graph this result in Fig. 2c, with the
figure showing the complementarity between GVC partici-
pation and finance in the effect of GVC participation on
productive efficiency at all levels of financial development.

The analysis thus far has focused on GVC participation.
Consistent with the view that position along the value chain
may also matter in determining the social and economic
outcomes of engagement in GVC (see Amendolagine et al.
2019; Ndubuisi and Owusu 2022b), we introduce the indi-
cator of relative upstreamness as well as its interaction with
GVC participation in column 5 of Table 5. The estimation
coefficient of the newly introduced variable, including its
interaction with GVC participation, is negative and statisti-
cally significant at all conventional levels. On the one hand,
the statistically significant estimated coefficient of the inter-
action variable supports the idea that the position in GVC
matters. On the other hand, and considering the sign of the
estimated coefficient of the interaction variable, it implies that
the productive efficiency gain from GVC participation is
higher for countries with downstream specialization—i.e.,
countries that are closer to final demand. Figure 2d graphs this
result and shows that the result holds to a greater extent for
most of the GVC position index that is skewed towards
downstream specialization.

Finally, the results presented in this section have relied
on contingent variables. As a last robustness exercise, we
re-estimate Eq. (4) where we consider these contingent
variables in their dummy form. For each country char-
acteristic, we consider as a contingent variable, we trans-
form it into a dummy variable using its sample median.
The dummy variables take the value of 1 for higher values
above the sample median, and zero otherwise. In Table 9,
found in the appendix, we report the regression results of
using the dummy form of these contingent variables to
compute interaction variables. Particularly, the table

reports the results obtained from a Tobit regression—i.e.,
columns 1 to 4—and panel fixed-effect regression—i.e.,
columns 5 to 8. In general, the directions of the results are
largely consistent with previous the results we obtained
when the contingent variables are considered in their
continuous form. The two exceptions are the interaction
variable comprising GVC participation and the dummy of
the financial development level, and the interaction vari-
able comprising GVC participation and the dummy of the
inflation rate. For the former, the interaction variable
remains positive but turns statistically insignificant. For
the latter, the interaction variable remains negative but
turns statistically significant.

4.3 Heterogeneous effect of GVC participation on
productive efficiency: differences in
development levels

In this section, we extend our analysis by considering the
productive efficiency effects of engagement in GVC for
both developed and developing countries. The Tobit
regression result for this analysis is reported in Table 6.
As noted earlier, our definition of developed and devel-
oped countries follows the IMF classification. IMF
defines countries as either advanced markets, emerging
markets, or low-income countries. Following this classi-
fication, we define developed countries as advanced
market, while developing countries comprises emerging
market and less-income countries. Columns 1 to 3 in
Table 6 show the results for the sample comprising
developed countries, while columns 4 to 6 show the
results for the sample comprising developing countries.
Interestingly, we find that neither participation nor posi-
tion in GVC matters for productive efficiency in devel-
oped countries. In developing countries, however, both
participation and position in GVC matter decisively for
productive efficiency. Particularly, the results show that
for technology-lagging developing countries, intense
GVC participation (especially through specialization in
downstream activities) matters for catching up to the
global productive efficient frontier.

The non-statistically significant result we find for the
developed country sample in our dataset is not surprising. This
is because, in contrast to developing countries developed
countries are already operating at or near the global productive
efficient frontier and hence have limited scope for further
catch-up. Thus, engagement in GVC offers these advanced
countries little or no further gain in this regard. However, they
require engagement in GVC for technological change to
enable them to either remain at the global productive efficient
frontier or to define a new one (a shift of the frontier). GVC
participation, on the other hand, offers developing countries
opportunities of catching up to the global efficiency frontier.
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This argument is consistent with the erstwhile findings of
Ndubuisi and Owusu (2021) that GVC participation leads to
quality upgrading of exported products (a measure of tech-
nological efficiency) for developing countries. It is also con-
sistent with the empirical findings of Tajoli and Felice (2018)
which show a significant positive effect of GVC participation
on the innovation performance of developing countries.

5 Conclusion

The reorganization of production through global value
chains (GVC) has changed the nature of cross-border
trade. Goods that used to be produced within one country
are now fragmented and distributed globally, across a
global supply chain. Over the past three decades, this new
way of organizing global production has seen substantial
growth both in terms of depth and breadth, and it con-
nects even marginalized developing countries in trade. It
is widely believed that integrating into this new global
production network benefits countries through multiple
channels that favor a parsimonious accumulation of
productive and technological capabilities. Other things
equal, this engenders a more efficient technique of pro-
duction across borders and by extension, contributes to
productive efficiency. While this view is currently shared
among development institutions and some scholars, there
is no study to our best knowledge that has empirically
examined this relationship. In this paper, we addressed
this knowledge gap by examining how GVC participation
affects productive efficiency. We also examine how a
country’s characteristics shape the nature of such a rela-
tionship. Our analysis relied on panel data comprising
126 developed and developing countries and covers the
period 2000–2016.

We find a robust positive association between GVC
participation and productive efficiency. We also find that
the productive efficiency gains from GVC participation
work through backward and forward linkages in GVC,
implying that it matters less whether a country is inte-
grated into GVC through backward or forward linkages
for these efficiency gains to accrue. Our results on the
role of country characteristics as enablers or inhibitors of
the productive efficiency gains from GVC participation
reveal that the productive efficiency gains from GVC
participation arise mostly in countries that invest effec-
tively in human capital, have a well-developed and well-
functioning financial market, maintain stable macro-
economic conditions, and specialize in downstream
activities in the value chain. Finally, results on the two
subsamples: developed and developing countries reveal
that the productive efficiency gains from GVC partici-
pation accrue more strongly in developing countries. AsTa
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our productive efficiency indicator is a relative efficiency
measure, this result is consistent with the conventional
thinking that countries at an early stage of development
are usually further from the technological frontier and,
therefore, have more scope to benefit from knowledge
transfers or spillovers to catch up to the global efficiency
frontier.

Overall, the findings of the paper suggest that GVC
participation offers technology-lagging countries a pre-
mium in terms of a productive efficiency gain (which
represents a reasonable pathway to closing the global
productivity gap). This does require, however, com-
plementary policies and interventions that either unluck
or fast-track this premium. From a policy perspective,
this calls for active trade-and-industrial related policies
to achieve stronger insertion into GVC and in reaping the
benefits thereof. Along this line, our results showing a
strong positive association between GVC participation
and productive efficiency, and especially among devel-
oping countries, calls for policies aimed at removing
restrictions to cross-border trade. Among others, this
includes tariff liberalization and reduction of non-tariff
barriers such as increasing border efficiency. It also calls
for national industrial policies targeted at skill upgrad-
ing. This could be achieved through improvements in
schooling curriculum, building a national capability for
targeted value chains—thereby enabling integration or
upgrading into higher value-added tasks in value chains.

Furthermore, our results showing that the effects of GVC
participation on productive efficiency depend on country
characteristics underscores the importance of implementing
complementary policy instruments. Among others, this
includes policies that support the strategic (re)positioning of
countries to upgrade into complex value chains and high-
value-added tasks and industries that are downstream of the
value chain. This requires investment to build more infra-
structure to strengthen connectivity to global lead firms and
established suppliers in the value chain. A set of active
policy reforms to improve the business climate are also
needed. In particular, they are needed to attract multi-
nationals (FDI) that can act as conduits of technology gen-
eration and diffusion in the value chain. Further results from
our findings suggest the need for an additional battery of
policies that range from improving micro and macro-
economic stability and efficiency to instruments that support
investment in skills enhancement that are aligned to the
demands of competitive GVC integration. Additional poli-
cies are needed to promote financial market development—
to address the financial bottlenecks that firms face and that
run counter to competitive GVC integration.

We conclude with three potential areas for further
research. First, while our study focuses on productive

efficiency, future studies can focus on technological
change (i.e., a shift of the frontier over time). Although
we find no strong evidence that developed countries
experience productive efficiency gains through GVC
participation, it may well be that they have successfully
shifted the global frontier through GVC participation.
This is of particular importance as multinational enter-
prises from the global North have primarily exploited the
GVC for pure efficiency (factor cost minimization) gains.
Second, the complexity of the value chain network a
country is embedded in determines the quantity and
quality of the technology that could be derived from or
shared. Whether the value chain has the global North or
South as the end market also determines the quantity and
quality of the technology that could be derived from or
shared in such a network. The latter also entails exposure
to diverging production practices and consumer pre-
ferences that shape the firm’s productive capability.
Therefore, future studies can examine whether the pro-
ductive efficiency gains through GVC participation
depend on the complexity and end market of the value
chain. Third and finally, our empirical analysis of how
country characteristics influence the productive efficiency
gains through GVC participation can be expanded more
formally to explore the role of the country’s national
innovation system (NIS).
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Table 9 GVC participation, productive efficiency, and country characteristics: A dummy approach

[1] [2] [3] [4]

GVC participation × Human capital (dummy) 0.1419** (0.064)

GVC participation × Inflation rate (dummy) −0.0974*** (0.033)

GVC participation × Financial development (dummy) 0.0199 (0.049)

GVC participation × GVC position (dummy) −0.2777*** (0.079)

GVC participation 0.4517*** (0.054) 0.5873*** (0.048) 0.5225*** (0.049) 0.6688*** (0.049)

Natural resources (log) −0.0186*** (0.006) −0.0180*** (0.006) −0.0174*** (0.006) −0.0162*** (0.005)

Population density (log) −0.2426*** (0.020) −0.2469*** (0.020) −0.2418*** (0.020) −0.2201*** (0.021)

Inflation rate (log) −0.0121*** (0.002) −0.0126*** (0.002) −0.0128*** (0.002)

Human capital 0.1045*** (0.026) 0.1065*** (0.026) 0.1035*** (0.025)

Financial development 0.0299 (0.044) 0.0433 (0.044) 0.0376 (0.043)

Human capital (dummy) −0.0152 (0.028)

Inflation rate (dummy) 0.0316** (0.016)

Financial development (dummy) −0.0092 (0.025)

GVC position (dummy) 0.1736*** (0.036)

No. of observation 2016 2016 2016 2016

No. of countries 126 126 126 126

This table reports the result on the heterogenous relationship between GVC participation and productive efficiency when we transform the
contingent variables in their dummy form to compute interactions. The outcome variable in each column is productive efficiency, calculated using
the data envelop analysis (DEA). The index is a relative efficiency measure defined as the distance between the country’s efficiency score and the
global efficiency score in a given period. The logarithm computation of natural resources and inflation rate uses a hyperbolic function. Standard
errors in parentheses; ***, **, and * mean the estimated coefficient is statistically significant at p < 0.01, p < 0.05, and p < 0.10 significance level,
respectively
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