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Abstract
The main objective of this study is to examine the long-run relationship between export
upgrading and economic growth for 51 countries over the period of 1984–2015. For
this purpose, a panel cointegration framework that allows to control for parameters
heterogeneity, cross-sectional dependence, and nonstationarity has been deployed.
Furthermore, three homogenous subpanels have been considered based on the income
level of the sample countries (high-, middle-, and low-income subpanels). Empirical
results from panel cointegration tests yield evidence of a long-run relationship between
export upgrading, economic growth, FDI, human capital, and trade openness.
Moreover, based on the common correlated effects mean group (CCEMG) technique,
the results indicate that export upgrading has a positive and significant effect on
economic growth for the global, high-income, and middle-income panels, while this
effect is insignificant for the low-income country panel. The causality analysis indicates
the existence of a feedback effect between export complexity and economic growth for
the global panel as well as for the high- and middle-income country groups in the long-
run. For low-income countries, however, there is no causal relationship between these
two variables, and this finding holds both in the short run and in the long run.
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Introduction

A nascent strand of the economic literature has emphasized the role of export upgrading
as one of the major drivers of growth and economic development. Several recent
researches have provided empirical evidence that countries with a more sophisticated
(complex) export basket grow faster than those with a less sophisticated (complex)
export basket (Hausmann et al., 2007; Hidalgo et al., 2007; Hidalgo and Hausmann,
2009; Santos-Paulino, 2011; Jarreau and Poncet, 2012; Felipe et al., 2012; Felipe et al.,
2012; Poncet and De Waldemar, 2013;; Ferrarini and Scaramozzino, 2016; Zhu and Li,
2017; Lin et al.; 2017). In other words, what matters to countries’ economic growth is
not purely how much they export, but what they export (Rodrik, 2006). The reason is
that countries that export commodities with a relatively high technological content
should be more likely to benefit from positive externalities that help their economies
growing faster (Sheridan, 2014).

Although the aforementioned studies have provided valuable insights into whether
and how export upgrading may affect growth, they suffer from the limitations inherent
in standard cross-country and panel regressions. One of the commonly criticisms of the
standard panel estimators is the implicit assumption of a cross-sectional independence
among panel units. This is because the traditional procedures for estimation of pooled
models, such as the fixed effects, instrumental variables, and generalized method-of-
moments (GMM) estimators proposed, by among others, Arellano and Bond (1991),
Ahn and Schmidt (1995), Arellano and Bover (1995), and Blundell and Bond (1998)
typically assume that the disturbances of error terms are cross-sectionally independent.
This assumption, however, might be too restrictive, in particular in the analysis of
macroeconomic or financial data that have strong inter-economy linkages (Urbain and
Westerlund, 2006). Interdependency applies in the relation between exports and growth
among others. In fact, cross-section dependence among countries is unavoidable due to,
for instance, market integration processes, globalization of economic activity,
offshoring processes, or because of the presence of common shocks like oil price
shocks (Banerjee and Carrion-i-Silvestre, 2014). Since the assumption of cross-
sectional independence is difficult to satisfy in a panel data, neglecting it may lead to
substantial bias and size distortions (see for instance, O'Connell, 1998; Nauges and
Thomas, 2003; Pesaran, 2006; Sarafidis and Robertson, 2009; Sarafidis et al., 2009;
Ahn et al., 2013; Robertson and Sarafidis, 2015). Conventional estimation techniques
may thus be spurious and lead to misleading conclusions.

As observed by Lee (2011), a methodological problem with the homogeneous panel
approach used in the majority of studies examining the export sophistication-growth
nexus is ignoring the substantial degree of heterogeneity in the growth experience of
countries. That is to say, the effects on growth have been assumed to be identical across
countries, i.e., parameter homogeneity. However, recent research emphasizes that the
impact of trade on growth varies considerably across countries (see inter alia, Foster,
2008; Dufrénot et al., 2010; Lee, 2011). In particular, Lee (2011) finds that fast-
growing countries tend to gain more from international trade than countries with
relatively low growth. Heterogeneity across countries is likely to arise as a result of
differences in economic conditions or social-cultural backgrounds (Chou, 2013). Now,
it is well recognized that when applied to testing growth effects, standard techniques
can produce inconsistent and potentially misleading estimates of the model parameters,
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since growth models typically exhibit substantial cross-sectional heterogeneity (Pesaran
and Smith, 1995; Lee et al., 1997; Pedroni, 2007; Eberhardt and Teal, 2011).

A further problem with previous studies is ignoring the integration properties of the
data, although it is well documented in the literature that most macroeconomic variables
are potentially nonstationary (see, Pedroni 2007; Eberhardt and Teal, 2012. When vari-
ables are not stationary, averaging data cannot solve the problem of unit roots in the data as
the data-generating process remains unchanged (Kim and Lin, 2017). Furthermore, while
averaging obviously causes information loss, especially when the data are highly persis-
tent, it remains unclear whether averaging over fixed-length intervals effectively elimi-
nates business cyclical fluctuations (see, Loayza and Ranciere, 2006; Herzer and Vollmer,
2012; Huang et al., 2015; Kim and Lin, 2017, among others).

In this paper, we undertake the heterogeneous panel framework with cross-sectional
dependence recently developed by Pesaran (2006) as an alternative approach to
overcome the abovementioned problems. This methodology has many advantages.
First, it allows to take into account both cross-section dependence and cross-country
heterogeneity. Second, it is useful to deal with the problems of omitted variables,
endogenous regressors, and measurement error (Pesaran, 2006; Pedroni, 2007; Bai,
2009; Kapetanios et al., 2011). Third, it allows for more robust estimates by utilizing
variation between countries as well as variation over time.

The main purpose of this paper is to provide new empirical evidence on the
relationship between export upgrading and economic growth, by applying panel
cointegration and causality tests on a heterogeneous panel of 51 countries over the
period 1984–2015. Specifically, after examining the existence of cross-sectional de-
pendence, we use the second generation panel unit root test (Pesaran, 2007), the panel
cointegration test proposed by Westerlund (2007), and the Common Correlated Effects
Mean Group (CCEMG) estimates suggested by Pesaran (2006) to estimate the long-run
relationship between export sophistication and economic growth. A panel vector error-
correction model is subsequently estimated to test the direction of causality (Pesaran
et al., 1999).

Accordingly, our article differs from the previous literature and makes at least three
contributions. First, unlike previous studies which assume a unidirectional causal
relationship from export upgrading to economic growth, we analyze the Granger causal
relationship between the variables within a panel error-correction model framework.
Rich countries are expected to export more sophisticated capital- and technology-
intensive products (Schott, 2008). The evidence of reverse causality is, therefore, rather
strong. Second, our study makes a methodological contribution. To the best of our
knowledge, the current paper is the first attempt to employ the Pesaran (2006) CCEMG
approach to examine the export sophistication-economic growth nexus. With this
approach, we can control for parameters heterogeneity, cross-sectional dependence,
and nonstationarity. Finally, previous studies have not looked at the impact of export
upgrading to economic growth in countries with different levels of income. We fill this
gap by splitting the sample into different groups of countries based on the levels of
income, and offer new insights from heterogeneous panels. Indeed, recent theoretical
and empirical work shows that export upgrading may affect economic growth in
different ways in rich versus poor countries (see, Felipe et al., 2012; Sheridan, 2014).

The remainder of the paper is organized as follows. Section 2 briefly reviews the
literature on the importance of export upgrading for economic growth. Section 3
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describes the measurement methods of export upgrading. Section 4 presents the dataset
and econometric model used in our analysis. Section 5 presents our empirical meth-
odology and discusses our results. Section 6 concludes.

Literature Review

Ever since the pioneering contributions of Kuznets and Murphy (1966), Kaldor (1967),
and Chenery and Taylor (1968), it has been recognized that economic development is a
process of structural transformation of the productive structure, whereby resources were
shifted from activities of lower productivity into activities of higher productivity. In this
line of thought, it has been acknowledged that different activities play different roles in
the economy because they are subject to various degrees of returns to scale, their
outputs have different income elasticities of demand, and because their market struc-
tures are different (Felipe et al., 2012). These ideas have been revived recently by
Hidalgo et al. (2007) and Hidalgo and Hausmann (2009), who explain economic
development as a process of learning how to produce (and export) more complex
products (Felipe et al., 2014). According to Hidalgo and Hausmann’s theory of
capabilities, a country’s capacity to grow depends on its capacity to accumulate the
capabilities that are required to produce diverse and more sophisticated/complex goods.
Therefore, differences in income across countries can be explained by differences in
countries’ ability to upgrade their production and diversify into complex goods
(McMillan and Rodrik, 2011). As Fosu (1996) argues, one reason for the differing
impact of manufacturing and primary exports on economic growth is that primary
exports are usually raw and unprocessed whereas manufactured goods are more
technologically intensive, and therefore more likely to create positive spillovers.

Empirical evidence on the positive role played by export upgrading in promoting
economic growth is provided by several authors. For example, Hausmann et al. (2007)
analyzed the benefits of export sophistication for economic growth both empirically
and theoretically. Using a panel data set for 40 countries over the period 1992–2003,
the authors found that export sophistication leads to faster economic growth. Santos-
Paulino (2011) applied a standard augmented aggregate production function to deter-
mine the relationship between export upgrading and economic growth. His sample
included 74 developed and developing countries and the data spanned from 1992 to
2004. Three variables were used to proxy export upgrading, namely inter-industry
specialization index, Herfindahl-Hirschmann export concentration, and Hausmann
et al.’s (2007) measure of export sophistication. Using these variables, he found a
positive effect of both export specialization and export sophistication on growth.

Jarreau and Poncet (2012) investigated the effects of export sophistication on
regional economic growth for a panel of 30 Chinese provinces over the period 1997–
2009. Cross-sectional estimation results revealed a positive and significant effect of
export sophistication on regional economic performance in China. This implies that
regions specializing in more sophisticated goods subsequently grow faster. Similar
results were found by Poncet and De Waldemar (2013) who examined the relationship
between output structure and economic development at city level. Using the new
indicator of complexity of Hidalgo and Hausmann (2009), the empirical evidence
suggests that regions specializing in more complex goods subsequently grow faster.
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Jimenez and Razmi (2013) examined the impact of manufacturing exports destined
for industrialized countries on real GDP per capita growth of some Asian developing
countries using both ordinary least squares (OLS) and GMM techniques. They found a
robust, positive, and statistically significant effect of the share of high technology-
intensive goods in aggregate exports on output growth.

Sheridan (2014) explored the relationship between disaggregated exports and eco-
nomic growth for a sample of 92 countries over the period1970–2009. Using OLS and
fixed effects (FE) estimation techniques, the author showed that increasing manufactur-
ing exports is important for a sustainable economic growth. To accomplish the above
results, he also carried out regression tree analysis and found that this positive
relationship only holds once a threshold level of development is reached. In a more
recent study, Ferrarini and Scaramozzino (2016) analyzed the impact of production
complexity and its adaptability on the level of output and on its rate of growth within an
endogenous growth model. They showed that increased complexity has an ambiguous
effect on the output level, but positively affects economic growth by enhancing human
capital training. To test empirically these theoretical models, the authors utilized a panel
data Correlated Random Effects (CRE) framework for a sample of 89 countries, and the
empirical evidence supports the predictions of their theoretical model.

Zhu and Li (2017) presented further evidence that complexity matters for economic
growth. They estimated a standard growth model using data on 126 countries for the
period 1995 to 2010. Export complexity was found to be positively correlated with
GDP per capita growth rate. Furthermore, their results also demonstrate that a good
interaction between human capital and complexity affects growth positively. Likewise,
Teixeira and Queirós (2016), using a panel data set for 30 countries over the period
1960–2011, found that the interaction between human capital and structural change
(proxied by the share of high-tech/high knowledge-intensive industries in total em-
ployment) impacts significantly on economic growth.

In a multi-country study, Albeaik et al. (2017) employed the pooled OLS, random
effects, and fixed effects models to examine the relationship between export complexity
and economic growth for a panel dataset covering 121 countries over the period 1973–
2013. Using an improved Economic Complexity Index (called ECI+), the empirical
evidence suggests that countries specializing in more complex goods subsequently
grow faster.

Stojkoski and Kocarev (2017) examined the link between complexity and economic
growth in 16 countries of Southeastern and Central Europe using both ordinary least
squares (OLS) and GMM techniques. Their empirical results indicate that economic
complexity has a significant and positive long-run impact on economic growth. While
using panel data for a sample of 147 countries over the period 1979–2011, Gala et al.
(2018) conclude that export complexity is important to explain convergence and
divergence among countries.

In a more recent research, Güneri (2019) investigated the relationship between
export complexity and economic growth by using a panel data of 81 countries over
1981–2015 period, using the system GMM estimator. The results based on averaged
data show that export complexity has a positive and significant effect on economic
growth. A Similar positive effect of export complexity sophistication on growth was
observed by Shimbov et al. (2019) for Western Balkan countries. Further insight is
offered by Mealy et al. (2019) who demonstrated by employing the spectral clustering
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algorithm that the economic complexity index is significantly and positively associated
with GDP per capita and economic growth.

Measuring Export Upgrading

In this paper, following Felipe et al. (2012), Poncet and De Waldemar (2013), and Zhu
and Li (2017), among others, the level of export upgrading is proxied by the export
complexity index. Several measures of export complexity (or sophistication) have been
proposed in the literature. Rodrik (2006) and Hausmann et al. (2007) suggest an export
sophistication index,1 called PRODY, which is a weighted average of exporting
countries’ per capita incomes, where the weights are each exporting country’s compar-
ative advantage in the product. The productivity level associated with a country’s
exports, denoted by EXPY, is then computed as a weighted average of all exported
products’ PRODY for that country. Algebraically:

EXPY j ¼ ∑
l

xjl
X j

PRODYl ð1Þ

PRODYl ¼ ∑
j

xjl=X j

∑
j

xjl=X j

� � Y j ð2Þ

wherexjl is the value of country j’s export of commodity l, Xj the total value of country
j’s exports, and Yj the per capita income of country j, measured as the real GDP per
capita in PPP.

A major drawback of the most widely used export sophistication EXPY measure is
that it is computed by comparison to the income level of countries with similar export
structures, giving rise to a circular issue that “rich countries export rich country
products”(Hidalgo, 2009). Another weakness of this measure is that is sensitive to
the size of the country under investigation (Kumakura, 2007) and the choice of product
nomenclature (Yao, 2009). To overcome these caveats, Hidalgo and Hausmann (2009)
propose an innovative measure of export complexity that is based solely on information
about the network structure of countries and the products they export. They identify
complex products as those requiring a wide set of diverse and exclusive capabilities.
Complex goods, therefore, are less ubiquitous—not easily reproducible everywhere—
and are expected to be produced by a few countries endowed with numerous and
exclusive capabilities (Maggioni et al., 2016).

Hidalgo and Hausmann (2009) develop the so-called method of reflections that
iteratively combines relevant information on products’ ubiquity and countries’ diversi-
fication gathered from the world trade network to provide a refined measure of product
complexity. Roughly, two components of complexity are the starting point of this
method: Product’s ubiquity as the number of countries that export the product with
revealed comparative advantage (RCA), and product diversification as the number of
products that a country exports with RCA. Ubiquity and diversification are the simplest

1 A very similar measure of product sophistication is developed by Lall et al. (2006).
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proxies for complexity of a product and a country, respectively; they are computed as
follows:

Ubiquity:

Kl;0 ¼ ∑
j
M jl ð3Þ

Diversification:

K j;0 ¼ ∑
j
M jl ð4Þ

where j denotes the country, l the product, andMjl=1 if country j exports product l with
revealed comparative advantage (RCA)2 and Mjl= 0. otherwise.

Then, by making use of the method of reflections, Hidalgo and Hausmann (2009)
derive a refinement of the complexity measures in Eqs. (3) and (4):

Kl;n ¼ 1

Kl;0
∑
j
M jlK j;n−1 ð5Þ

K j;n ¼ 1

K j;0
∑
l
MjlKl;n−1 ð6Þ

where n stands for the number of iterations. Equations (5) and (6) are iterated until no
additional information can be retrieved from the previous iteration, that is when the
relative rankings of the values estimated using (5) and (6) in two subsequent iterations,
n and n+ 1, are the same.3 For each country (j), as Hidalgo and Hausmann (2009) note,
Kj, n’s even-numbered iterations (Kj, 0,Kj, 2,Kj, 4,…) measure the level of export
diversification, while Kj, n’s odd-numbered iterations (Kj, 1,Kj, 3,Kj, 5,…) measure the
level of export ubiquity. On the other hand, for each product (l), Kl, n’s even-numbered
iterations (Kl, 0,Kl, 2,Kl, 4,…) measure the level of export ubiquity, while Kl, n’s odd-
numbered iterations (Kl, 1,Kl, 3,Kl, 5,…) measure the level of diversification of the
countries that export product.

Substituting (5) into (6), we obtain

K j;n ¼ 1

K j;0
∑
j0
eMjj0K j0;n−2 ð7Þ

where

eMjj0 ¼ 1

K j;0
∑
l

M jlM j0l

M l0
ð8Þ

2 The index of RCA is defined following Balassa (1964) as the ratio of the export share of a given commodity
in the country’s export basket to the same share at the worldwide level. The algebraic expression is given by:

RCAjl ¼
xjl=X j

∑
j

xjl=X j

� �

3 See Felipe et al. (2012b) and Poncet and De Waldemar (2013).
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The ECI is then computed following Hidalgo and Hausmann (2009) as:

ECI j ¼ K j− < K >

stdev
ð9Þ

Here, Kjrefers to the eigenvector of eMjj0 associated with the second largest eigenvalue.
<> denotes an average and stdev is the standard deviation (Hausmann et al., 2014;
Hartmann et al., 2017).

From an empirical point of view, using ECI as a measure of export upgrading has at
least three key advantages in comparison to other measures of export upgrading. First,
it may reflect numerous product technological capabilities, such as technological
diversification, the need for specific investments, or higher human capital content
(Maggioni et al., 2016). Second, it circumvents the circularity issue whereby rich
countries export rich-country goods (Lectard and Rougier, 2018). Third, as noted by
Hidalgo and Hausmann (2009), it captures information about the complexity of the set
of capabilities available within a country.

Model Specification and Data

Model

In this study, we examine the effects of export upgrading on economic growth within a
panel framework that takes into account three relevant features in the data:
nonstationarity, cross-sectional dependence, and parameter heterogeneity. Specifically,
we consider the following linear heterogeneous panel regression model:

Y it ¼ αi þ dt þ β EXPUit þ X
0
itγ þ εit ð10Þ

where i=1,…, N denotes a country index and t=1,…, T denotes the time period. Y is
the level of a country’s economic growth, measured by the natural logarithm of the real
GDP per capita in constant 2005 US dollars. EXPU is the export upgrading indicator
measured by the Hidalgo and Hausmann (2009) economic complexity index (ECI). Xit

is a set of control variables including, in line with Poncet and De Waldemar (2013), the
ratio of investment to GDP (INVR), the share of population enrolled in secondary
schooling (HC), the openness rate measured as the share of imports and exports in GDP
(OPEN), and the foreign direct investment inflows over GDP (FDI). αi is a country-
specific intercept, dt is a time dummy, and εit is the composite error term.

Data Sources and Descriptive Statistics

We use data for a panel of 51 countries over the period 1984–2015. Countries are split
into three subpanels based on the World Bank’s income classification: high-income (23
countries), middle-income (17), and low-income (11). Data on per capita GDP, invest-
ment, trade openness, school enrollment, and foreign direct investment inflows as a
percentage of GDP come from the World Bank’s World Development Indicators
database. The economic complexity index is from the MIT’s Observatory of
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Economic Complexity.4 The descriptive statistics and pairwise correlations between
our main variables of interest for the subpanels countries and also for the global panel
are shown in Appendix A. As regards our measure of export upgrading, the mean of
export complexity index is the highest for the high-income countries, followed by
middle- and low-income countries. It is also noted that the middle-income countries are
more volatile in export complexity; its relative standard deviation is 2.136, which is the
highest when compared to other subpanels’ countries relative standard deviation.

Econometric Methodology and Empirical Results

The main objective of this paper is to test whether there is a long-run relationship and
dynamic causal between export upgrading and economic growth. The testing procedure
involves the following steps: (i) we examine the existence of cross-sectional depen-
dency across the countries; (ii) Once it is established that the panel is subject to a
significant degree of residual cross-section dependence, a “second generation” panel
unit root test developed by Pesaran (2007) that is robust to such dependence is
conducted to check the integration order of the time series variables; (iii) if the time
series are integrated of the same order, panel cointegration tests are then employed to
identify the existence of a long-run relationship. Both Pedroni’s (2004) residual-based
tests and Westerlund’s (2007) error-correction-based tests are employed for this pur-
pose; (iv) Once it is confirmed that the variables are cointegrated, the long-run
estimates are obtainedby using the Common Correlated Effects Mean Group
(CCEMG) estimator of Pesaran (2006), and finally, (v) a panel vector error-
correction model is estimated in order to infer the Granger causal relationship between
the series.

Cross-sectional Dependence Tests

The first step in the analysis is to test the existence of cross-sectional depen-
dence across countries. To this end, we use the semi-parametric test proposed
by Frees (1995, 2004) and the parametric testing procedure suggested by
Pesaran (2004). These two tests are especially attractive and show better power
properties when the number of cross sections is higher than the number of time
series in the panel. Besides, Frees’s and Pesaran’s tests can be used with both
balanced and unbalanced panels and are robust to parameter heterogeneity and/
or structural breaks.

Pesaran (2004) proposed a cross-section dependency test (hereafter, CD) that does
not require an a priori specification of a connection or spatial matrix and is applicable to
a wide range of panel data models. In the CD test, the null hypothesis of no-cross-
section dependence is H0:Cov(εit,εjt) = 0 for all t, and i≠ j is tested against the alterna-
tive hypothesis of cross-section dependence H1: Cov(εit,εjt)≠ 0 for at least one pair of
i≠ j. In order to test the null hypothesis, Pesaran (2004) developed the CD statistic as
follows:

4 Available at atlas.media.mit.edu.
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CD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2T
N N−1ð Þ

s
∑
N−1

i¼1
∑
N

j¼iþ1
bρij

 !
ð11Þ

where bρijis the sample estimate of the pairwise correlation of the residuals from the
OLS estimation of Eq. (1) for each i. Specifically,

bρij ¼ bρji ¼ ∑
T

t¼1
bεitbεjt

∑
T

t¼1
bε2it� �1=2

∑
T

t¼1
bε2jt� �1=2

ð12Þ

and bεitis the OLS estimate of εitin Eq. (10). Under the null hypothesis of no
cross-sectional dependence with T→∞ and then N→∞ in any order, the CD
test has an asymptotic normal standard distribution. Although it has zero mean
for fixed T and N and is robust to parameter heterogeneity and structural breaks
in the slope coefficients and error variance, the CD test has low power when
the factor loadings have zero mean in the cross-sectional dimension (Sarafidis
et al., 2009).

Frees (1995, 2004) proposed a statistic (hereafter, R2
AVE Þ that is not subject to this

weakness. The statistic is based on the sum of the squared correlation and is defined as
follows:

R2
AVE ¼ 2

N N−1ð Þ ∑
N−1

i¼1
∑
N

j¼iþ1
br2ij

 !
ð13Þ

where brij is the estimated Spearman’s rank coefficient. According to Frees (1995,
2004), this test statistic follows a joint distribution of two independent chi-square
variables, i.e.,

CAVE ¼ N R2
AVE− T−1ð Þ−1

� �
→dQ ð14Þ

where

Q ¼ a Tð Þ χ2
1;T−1− T−1ð Þ

h i
þ b Tð Þ χ2

2;T T−3ð Þ=2−T T−3ð Þ
h i

ð15Þ

In Eq. (15) χ2
1;T−1 and χ2

2;T T−3ð Þ=2are independent chi-square random variables with

1−T and T(T− 3)/2degrees of freedom, respectively, and a(T) = 4(T+2)/(5(T− 1)2(T+
1)) and b(T) = 2(5T+ 6)/(5T(T− 1)(T+1)). The null hypothesis is rejected if:

R2
AVE > T−1ð Þ−1 þ Qq=N ; where Qqis the appropriate quintile of the Q distribution.

The results from cross-section dependency tests reported in Table 1 strongly
reject the null hypothesis of no cross-sectional dependence across the countries
at the 1% significance level for the whole sample as well as across all three
sub-samples. This result underlines the importance of taking into consideration
cross-section dependence when analyzing export upgrading-growth nexus.
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Panel Unit Root Tests

As preliminary analysis suggests the presence of cross-sectional dependence
among the countries in the panel, we decided to apply the Pesaran's (2007)
cross-sectional augmented panel unit root test(hereafter, CIPS) which—in con-
trast to conventional panel unit-root tests—allows for cross-sectional depen-
dence. In the CIPS test, contemporaneous correlation is accounted for by
augmenting the standard augmented Dickey–Fuller (ADF) regression equations
with the cross-section average of lagged levels and first differences of the
individual series as follows:

Δqit ¼ γi þ φiqit−1 þ τ it þ ∑
p

j¼1
θijΔqit− j þ ∑

p

j¼1
μijΔqt− j þ ρiqt−1 þ δiΔqt þ eit ð16Þ

where qit denotes the series under consideration (Y, ECI, INVR, HC, OPEN, or

FDI), qt ¼ N−1 ∑
N

i¼1
qit is the cross-sectional mean of qit,Δqt ¼ N−1 ∑

N

i¼1
qit, p is lag

order of the model, Δ is the first-difference operator, γ is a constant term that
captures the country-specific effects, t is a time trend, and eitis a white-noise
disturbance with a variance of σ2.

In Eq. (16), the CIPS test assumes that the null hypothesis is given by H0:φi= 0 for
all i, whereas the alternative hypothesis is given by H1: φi< 0 and assumes that qit is
stationary. The CIPS test statistic developed by Pesaran (2007) can be expressed as
follows:

CIPS N ; Tð Þ ¼ 1

N
∑
N

i¼1
ti N ; Tð Þ ð17Þ

where ti(N,T) is the t statistic of φi in Eq. (16).
Results of the CIPS unit root test are reported in Table 2. They indicate that

all variables are nonstationary in levels and stationary in their first differences
at the 1% significance level for high-, middle-, and low-income subpanels as
well as for the whole panel block. This implies that all variables are integrated
of order one, i.e., I (1).

Table 1 Tests of cross-sectional dependency

Export upgrading indicator: Export complexity

CD R2
AVE

All countries 2420*** 7070***

High-income countries 14,641*** 4344***

Middle-income countries 11,689*** 3188***

Low-income countries 5078*** 1726***

***Rejection of null hypothesis of cross-sectional independence at 1% level of significance
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Panel Cointegration Tests

Having established the presence of unit roots in the panel time series and that they are I
(1), the next step would be to examine whether a long-run equilibrium relationship
exists among the variables. For this purpose, we perform the standard panel
cointegration tests proposed by Pedroni (1999, 2004). Because these tests do not allow
for cross-section dependence, we also implement the error-correction-based
cointegration tests developed by Westerlund (2007).

Pedroni (1999, 2004) proposed seven test statistics, which can be classified into two
categories. The first category, referred to as panel cointegration statistics, is based on
the within-dimension approach. . It includes the panel-ν statistic (Zv), panel rho-statistic
(Zρ), panel PP-statistic (ZPP), and panel ADF-statistic (ZADF). These statistics pool the
autoregressive coefficients across different countries for the unit root tests on the
estimated residuals taking into account common time factors and heterogeneity across
countries. The second category, referred to as group-mean panel cointegration tests, is
based on the between-dimension approach which includes three statistics: group rho-
statistic (Zρ), group PP-statistic (ZPP), and group ADF-statistic (ZADF ).These statistics
are based on averages of the individual autoregressive coefficients associated with the
unit root tests of the residuals for each country.

The seven test statistics of Pedroni (1999, 2004) are based on the estimated residuals
derived from the following regression equation:

Y it ¼ αi þ φit þ βiEXPUit þ γiINVRit þ μiHCit þ τ iOPENit þ δiFDI it þ εit ð18Þ

For all of the seven tests, the null hypothesis is the absence of cointegration (H0: ρi = 1;
∀ i). The alternative hypothesis for between-dimension statistics is H1:ρi˂ 1,∀ i. While
the alternative hypothesis for within dimension statistics is H1:ρi =ρ˂ 1,∀I, where ρi is
the autoregressive term of the residuals given by:

bεi;t ¼ ρibεi;t−1 þ ui;t ð19Þ

Westerlund's (2007) test is also constructed on the same approach as the Pedroni (1999,
2004) test but is based on structural rather than residual dynamics, so that it does not
impose any common factor restrictions. Interestingly, the test allows for dependence
both within and between the cross-sectional units, and shows good small-sample
properties and high power relative to residual-based panel cointegration tests.
Furthermore, this bootstrap test is based on the sieve-sampling scheme, and has the
advantage of significantly reducing the distortions resulting from the use of the
asymptotic normal distribution. The joint null hypothesis is that all cross-sections in
the panel are cointegrated. Hence, if the null is not rejected, one can assume that there is
a cointegrating relationship between the variables, which is needed to derive an
estimate of the parameters of the long-run model.

The proposed test of Westerlund (2007) is based on an error-correction framework:

ΔY i;t ¼ δ
0
idt þ αi Y i;t−π

0
iZi;t−1

� �
þ ∑

j¼1

pi

αi; jΔY i;t− j þ ∑
j¼1

pi

βi; jΔZi;t− j þ eit ð20Þ
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where d denotes the deterministic components, Z is the vector of explanatory variables
(export upgrading, openness rate, foreign direct investment inflows over GDP, the share
of investment in GDP, and the share of population enrolled in secondary schooling), p
denotes the lag order, and α is the error-correction parameter.

Westerlund (2007) proposed four test statistics, two of which are based on the
assumption that the autoregressive parameter is constant for all units and are known
as panel cointegration statistics (Pa, Pt) and the other two statistics are based on the
assumption that the autoregressive parameters vary from unit to unit, and are denoted as
group-mean cointegration statistics (Ga, Gt). The four statistics follow a standard
normal distribution.

Table 2 Pesaran’s (2007) CIPS panel unit root test results

Intercept only Intercept and trend

Level First difference Level First difference

All countries

Y −1231 − 6089*** −1633 −6323***
ECI −2727 −6.1*** −2997 −6359***
INVR −1785 − 5583*** −2387 −5653***
OPEN −1635 − 5499*** −2935 −5704***
FDI −3278 − 5826*** −3378 −5961***
HC −1632 − 4792*** −2017 −4905***

High-income countries

Y − 1121 − 4780*** −1514 −4932***
ECI −2981 − 6080*** −3058 −6252***
INVR −1429 − 5534*** −1856 −5735***
OPEN −1372 − 5888*** −1760 −5771***
FDI −3881 − 6144*** −4196 −6344***
HC −1864 − 5437*** −2069 −5472***

Middle-income countries

Y −2177 − 5654*** −2420 −5816***
ECI −2836 − 6082*** −3263 −6255***
INVR −2190 − 5288*** −2606 −5282***
OPEN −1209 − 5975*** −2224 −6186***
FDI −3140 − 5469*** −3310 −5516***
HC −1369 − 4330*** −1659 −4329***

Low-income countries

Y −1525 − 6190*** −3378 −6420***
ECI −2959 − 6061*** −3738 −6203***
INVR −2149 − 5150*** −2941 −5879***
OPEN −0.856 − 5642*** −2647 −6371***
FDI −2588 − 5875*** −3607 −6080***
HC −3246 − 5486*** −3493 −5394***

*** indicates the rejection the null hypothesis of unit root at 1% significance level
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The Ga and Gt statistics test H0:αi= 0;∀ i versus H1: αi< 0 for at least one of the
series, i. The rejection of the null hypothesis can be taken as genuine evidence of
cointegration of at least one of the cross-sectional units. The two group-mean tests are
given by:

Ga ¼ 1

N
∑N

i¼1

Tbαibαi 1ð Þ
; GT ¼ 1

N
∑N

i¼1

Tbαi

SE bαi

� � : ð21Þ

where SE bαið Þ is the conventional standard error of bαi:

By contrast, the Pa and Pt statistics test H0:αi=0;∀ i versus H1: αi=α<0;∀ i. Hence,
the rejection of the null hypothesis can be considered as more accurate evidence of
cointegration for the panel as a whole. The two panel tests can be calculated by:

Pa ¼ Tbα; PT ¼ bα
SE bα� � : ð22Þ

Table 3 displays the results of the Pedroni (1999, 2004)panel cointegration tests. The
test results show that most statistics are statistically significant, and therefore, the null
hypothesis of no cointegration can be rejected, suggesting that the variables are
cointegrated in all subgroups of countries and the full sample.

The results from the Westerlund (2007) panel cointegration tests are reported in
Table 4. As it can be seen, the null hypothesis of no cointegration is rejected in most
cases, providing an additional support for the presence of cointegrating relationship
between variables.

Therefore, overall evidence from the Pedroni (1999, 2004) and Westerlund
(2007) tests for cointegration indicate that there is a long-run relationship
between export upgrading, economic growth, FDI, human capital, and trade
openness in the four panels of high-, middle-, and low-income countries as well
the full-sample panel.

Panel Cointegration Regressions

Several estimation methods have been proposed in the literature to estimate the
cointegrating vectors, like pooled mean group (PMG) (Pesaran et al., 1999), fully
modified OLS (FMOLS) (Pedroni, 2000, 2001), and dynamic OLS (DOLS) (Kao
and Chiang, 2001). However, it is established that these standard estimation procedures
can lead to inconsistent estimates and incorrect inference in the presence of cross-
sectional dependence. (see, Phillips and Sul, 2003; Kapetanios et al., 2011). In this
regard, the common correlated effects mean group (CCEMG) estimator proposed by
Pesaran (2006) seems to be an appropriate econometric method. As suggested by Holly
et al. (2010), CCEMG estimator is consistent under heterogeneity and cross-sectional
dependence. Besides, it is also shown to hold under a variety of situations, such as
weak cross-sectional dependence in the errors, unit roots in the factors and possible
contemporaneous dependence of the observed regressors with the unobserved factor
factors (Kapetanios and Pesaran, 2007; Chudik et al., 2011; Pesaran and Tosetti, 2011),
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and can be extended to the case of heterogeneous dynamic panel data models with
weakly exogenous regressors (Chudik and Pesaran, 2015).

The CCEMG procedure accounts for the existence of unobserved common factors
across countries by augmenting Eq. (18) with cross-sectional averages of all variables
as additional regressors. That is,

Y it ¼ αi þ φit þ βiEXPUit þ γiINVRit þ μiIHCit þ ρiOPENit þ δiFDIit
þαY t þ cEXPUt þ dINVRt þ eHCt þ f OPENt þ gFDIt þ εi;t

ð23Þ

where, Y t ¼ 1
N ∑

N

i¼1
Y it,EXPUt ¼ 1

N ∑
N

i¼1
EXPUit;INVRt ¼ 1

N ∑
N

i¼1
INVRit;HCt ¼ 1

N ∑
i¼1

NHCit;OPENt ¼ 1
N ∑

N

i¼1
OPENit and FDIt ¼ 1

N ∑
N

i¼1
FDIit.

The common correlated effects (CCE) estimator for the ith country’s slope coeffi-
cient Bi= (β, γ,μ, ρ, δ)′, proposed by Pesaran (2006) and extended by Kapetanios et al.
(2011) and Pesaran and Tosetti (2011) is,

bBCCE;i ¼ Z
0
iDZi

� �−1
Z

0
i
bDY i ð24Þ

where Zi = (Zi1, Zi2,…, ZiT)′,zit = (EXPUit, INVR i t, HC i t, OPENit, FDIit)′,Yi =

( Y i 1 , Y i 2 , … , Y i T ) ′ , D ¼ IT−H H 0H
� �−1

H , H ¼ h1; h2;…; hTð Þ0, ht ¼
1;Yt ;EXPU ; INVRt;HCt;OPENt;FDIt
� �

.

The CCEMG estimator is the average of the individual CCE estimatorsbBCCE;i:

bBCCEMG ¼ 1

N
∑
N

i¼1

bBCCE;i ð25Þ

Panels A–D of Table 5 report the results of the CCEMG estimates for the whole sample
as well as for the three sub-samples, i.e., high-, middle-, and low-income countries.

For the full sample, the results in panel A indicate that export complexity has a
positive and significant effect on economic growth at least at 10% significance level.
Furthermore, the magnitude of the coefficient suggests that a 10% increase in
export complexity index raises GDP per capita by 0.4 percentage points in the
long run on average. This implies that countries with a more complex export
basket tend to grow faster than countries with a less complex export basket.
This result is consistent with the findings of Poncet and De Waldemar (2013)
and Ferrarini and Scaramozzino (2016).

For the subpanel of high-income countries, the results in panel B show that the
coefficient estimate on export complexity remains positive and significant at least at the
10% level, with a larger magnitude than that found in the full-sample model. This result
is in line with the finding of Gozgor and Can (2016), but contradictory to those of
Hausmann et al. (2007). In fact, the latter authors find that in high-income countries,
there is no significant relationship between export sophistication and growth, whereas
in middle- and low-income countries they find that this relationship is positive and
strongly significant.
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In the middle-income subsample, we find that export complexity has a positive and
statistically significant effect on economic growth as a 10% increase in export com-
plexity index raises GDP per capita by 0.7 percentage points in the long run on average.
This result is in line with the findings of Shimbov et al. (2019) for the Western Balkan
countries. For the subpanel of low-income countries, however, the effect of export
complexity on economic growth appears to be negative but insignificant. Our results
relating to low-income panel are similar to Grancay et al. (2015), who find a negative
impact of export sophistication on economic growth for nonresource-based low-income
countries.5

What our results indicate is that export complexity alone is not enough to
foster economic growth in low-income countries. This negative effect could be
channeled through the distributional effects of vertical specialization trade or
through the skilled-bias technical change. As shown by Ferrarini and
Scaramozzino (2016), growth benefits from increased complexity depend on
the potential trade-off between the gains from specialization and the O-ring
effects. Other possible explanation of this result is that the positive growth
externalities from complex exports are conditional on the trade regime (Wang
and Wei, 2010; Jarreau and Poncet, 2012; Poncet and De Waldemar, 2013) and
the sector that dominates the economy (Aditya and Acharyya, 2013).
Furthermore, our results tally with Teixeira and Queirós (2016), who provide
empirical evidence suggesting that structural change can slow economic growth
due to the huge mismatch between structural change processes and available
skills of countries’ workforces.

Regarding the control variables, we find that the share of investment in GDP
has a significantly positive effect on growth in most specifications, which is
consistent with both the theoretical and empirical growth literature (see e.g.,
Khan and Reinhart, 1990; Podrecca and Carmeci, 2001; Madsen, 2002;
Milbourne et al., 2003). Similarly, economic growth is also affected positively
and significantly by FDI inflows as a 1% increase in foreign direct investment
raises the economic growth for the global panel by around 0.01% on average.
This result is consistent with the findings of Anwar and Nguyen (2010). On the
other hand, the coefficient of the schooling variable, the proxy for human
capital stock, is ambiguous in sign and insignificant in most cases. This finding
may be surprising in light of the importance attached to human capital in
endogenous growth models and the regressions results (Barro, 1991; Mankiw
et al., 1992; Bassanini and Scarpetta, 2002; and Sala-i-Martin et al., 2004).
However, it is consistent with those of Ben Habib and Spiegel (1994), Islam
(1995), Barro (2001), Henderson (2010), Delgado et al. (2014), Acemoglu et al.
(2014), and Madsen et al. (2015), who either found a negative or insignificant
relationship between human capital and growth.6

5 However, it is worth noting that other studies have shown contradictory findings. Lin et al. (2017), for
instance, report a positive and significant effect of export sophistication on economic growth for the Sub
Saharan countries. This discrepancy, as discussed in Gozgor and Can (2016), may be due to the different
countries’ samples, different dataset, and different econometric estimation techniques.
6 A possible explanation for the mixed results regarding human capital that have been found in the literature
could be poor data quality, as argued by Krueger and Lindahl (2001), Portela et al. (2004), De la Fuente and
Doménech (2006), and Acemoglu et al. (2014).
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Panel Granger causality tests

Given the variables are cointegrated, a panel-based VECM (Pesaran et al.,
1999) is estimated to perform Granger causality tests. This panel followed by
the two step procedure of Engle and Granger (1987) is employed to account for
the long-run and short-run dynamic linkages. The first step estimates the long-
run parameters in Eq. (18) in order to obtain the residuals corresponding to the
deviation from equilibrium. The second step estimates the parameters related to
the short-run adjustment. The resulting equations are used in conjunction with
panel Granger causality testing:

ΔY i;t

ΔEXPUi;t

ΔINVRi;t

ΔHCi;t

ΔOPENi;t

ΔFDIi;t

0BBBBBB@

1CCCCCCA ¼

φi;1
φi;2
φi;3
φi;4
φi;5
φi;6

0BBBBBB@

1CCCCCCAþ ∑
m

k¼1

θ1;1;k θ1;2;k θ1;3;k θ1;4;k θ1;5;k θ1;6;k
θ2;1;k θ2;2;k θ2;3;k θ2;4;k θ2;5;k θ2;6;k
θ3;1;k θ3;2;k θ3;3;k θ3;4;k θ3;5;k θ3;6;k
θ4;1;k θ4;2;k θ4;3;k θ4;4;k θ4;5;k θ4;6;k
θ5;1;k θ5;2;k θ5;3;k θ5;4;k θ5;5;k θ5;6;k
θ6;1;k θ6;2;k θ6;3;k θ6;4;k θ6;5;k θ6;6;k

0BBBBBB@

1CCCCCCA
ΔY i;t

ΔEXPUi;t

ΔINVRi;t

ΔHCi;t

ΔOPENi;t

ΔFDIi;t

0BBBBBB@

1CCCCCCA

þ

λ1

λ2

λ3

λ4

λ5

λ6

0BBBBBB@

1CCCCCCAECTt−1 þ

ε1;i;t
ε2;i;t
ε3;i;t
ε4;i;t
ε5;i;t
ε6;i;t

0BBBBBB@

1CCCCCCA

ð26Þ

where Δ is the first-difference operator; φj, i, t (j = 1,2,3,4,5,6) means the fixed
country effect; k (k = 1,…,m) is the optimal lag length determined by the
Schwarz Information Criterion; λjis the adjustment coefficient; εj, i, t is the
serially uncorrelated error term with mean zero; and ECTt − 1 is the estimated
lagged error-correction term derived from the long-run cointegrating relation-
ship. With respect to Eq. (23), short-run causality is tested by the statistical
significance of the partial F-statistics associated with the respective first
differenced lagged independent variables. Long-run causality is determined by
the statistical significance of the respective ECTs using a t-test.

The results of Granger causality between export upgrading, economic
growth, and other control variables are reported in Tables 6, 7, 8, and 9. For
the global panel (Table 6), the short-run dynamics suggests a bidirectional
causal relationship (feedback effect) between export complexity and trade open-
ness, and same inference is drawn between the share of investment and trade
openness. The bidirectional causality also exists between human capital and
foreign direct investment. In addition, it was found that there is unidirectional
causality running from export complexity and trade openness to economic
growth and from the share of investment to export complexity. Regarding the
long-run causality, the coefficient of lagged error-correction term (ECTt − 1) is
found to be negative and statistically significant at least at the 10% level in all
regressions. This suggests that there is long-run relationship among the vari-
ables and provides evidence of an error-correction mechanism that drives the
variables back to their long-run equilibrium.

In the case of the high-income country panel (Table 7), bidirectional causal-
ity between the share of investment and economic growth has been identified.
There is also evidence of short-run Granger causality running from the share of
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Table 5 CCEMG estimates results

Panel A: All countries

ECI 0.0785*** 0.0577** 0.0461* 0.0420** 0.0210

(0.006) (0.034) (0.066) (0.018) (0.187)

HC 0.0046 0.0036 0.0036 0.0029

(0.162) (0.175) (0.175) (0.241)

FDI 0.0411** 0.0025* 0.0014

(0.015) (0.073) (0.106)

INVR 0.7480*** 0.7921***

(0.000) (0.000)

OPEN 0.0980

(0.265)

Panel B: High-income countries

ECI 0.0875 0.0658** 0.0584* 0.0584* 0.0303*

(0.248) (0.043) (0.059) (0.059) (0.070)

HC − 0.0004 − 0.0004 −0.0004 0.0002

(0.592) (0.621) (0.464) (0.773)

FDI 0.0011 0.0019* 0.0021*

(0.398) (0.085) (0.081)

INVR 0.9800*** 1.0650***

(0.000) (0.000)

OPEN 0.0123

(0.904)

Panel C: Middle-income countries

ECI 0.0869** 0.0947** 0.0758** 0.0753*** 0.0459**

(0.043) (0.014) (0.017) (0.005) (0.015)

HC 0.0088 0.0069 0.0084 0.0102

(0.402) (0.439) (0.402) (0.366)

FDI 0.0054** 0.0039 0.0035

(0.042) (0.216) (0.183)

INVR 0.5194*** 0.4290***

(0.000) (0.000)

OPEN 0.0910

(0.305)

Panel D: Low-income countries

ECI − 0.0094 − 0.0167 − 0.0156 −0.0172 − 0.0116
(0.751) (0.384) (0.249) (0.241) (0.417)

HC 0.0016 0.0023 0.0023 −0.0001
(0.505) (0.380) (0.407) (0.961)

FDI 0.0051 0.0039 0.0011

(0.105) (0.221) (0.571)

INVR 0.0895** 0.0303

(0.026) (0.817)

OPEN 0.0707*

(0.084)

***, **, and * indicate the level of significance at the 1%, 5%, and 10%, respectively
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investment and human capital to trade openness, from export complexity to
economic growth, from the share of investment to export complexity, and from
foreign direct investment to human capital. In the long run, the statistically

Table 6 Panel causality test results for all countries

Short run Long run

ΔY ΔECI ΔHC ΔFDI ΔINVR ΔOPEN ECM

ΔY – 1.219** 0.7874 2.9513 0.1814 17.661*** 0.0140***

(0.044) (0.6745) (0.2286) (0.9133) (0.0001) (0.0000)

ΔECI 1.7701 – 0.0008 0.1634 0.2507** 5.4936* − 0.0079*
(0.4127) (0.996) (0.9215) (0.0439) (0.0641) (0.0867)

ΔHC 0.0709 0.3397 – 2.7000*** 0.0002 0.0101 0.7313***

(0.9652) (0.8438) (0.000) (0.9999) (0.9949) (0.0000)

ΔFDI 0.0168 0.2904 3.2532*** – 0.0011 0.0081 0.2558**

(0.9916) (0.8648) (0.0000) (0.9994) (0.9960) (0.0221)

ΔINVR 0.0071 0.6245 0.0066 0.0440 – 24.9166*** − 0.0160*
(0.9964) (0.7318) (0.9967) (0.9980) (0.0000) (0.0870)

ΔOPEN 1.8266 8.7681** 0.2350 0.2030 13,3641*** – 0.0065***

(0.4012) (0.0124) (0.8891) (0.9886) (0.0013) (0.0003)

***, **, and * indicate the level of significance at the 1%, 5%, and 10%, respectively

Table 7 Panel causality test results for high-income countries

Short run Long run

ΔY ΔECI ΔHC ΔFDI ΔINVR ΔOPEN ECM

ΔY – 3.241* 0.9579 3.8621 9.3945*** 1.9263 0.0121***

(0.0789) (0.6194) (0.1449) (0.0091) 0.3817 (0.0000)

ΔECI 2.6965 – 0.2838 0.0920 5.390** 1.0453 −0.0224***
(0.2597) (0.8657) (0.9550) (0.0675) (0.5929) (0.0001)

ΔHC 1,1270 0.0357 – 8.5641** 0.4726 0.2185 0.0025*

(0.5670) (0.9823) (0.0138) (0.7895) (0.8965) (0.0912)

ΔFDI 0.1446 1.0485 3.7182 – 1.9593 2.3843 0.1195*

(0.9302) (0.5920) (0.1558) (0.3754) (0.3036) (0.099)

ΔINVR 7.7676** 3.7484 2.0955 0.5036 – 0.5565 −0.0015*
(0.0215) (0.1535) (0.3507) (0.7774) (0.7571) (0.0941)

ΔOPEN 0.2399 3.2370 5.9062* 0.4505 6.2261** – 0.0111***

(0.8870) 0.1982) (0.0522) (0.7983) (0.0445) (0.0000)

***, **, and * indicate the level of significance at the 1%, 5%, and 10%, respectively
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significant estimate of ECTt − 1 with a negative sign supports the long-run
relationship among the variables.

For the middle-income country panel, the results reported in Table 8 indicate
the existence of bidirectional short-run causality between the share of

Table 8 Panel causality test results for middle-income countries

Short run Long run

ΔY ΔECI ΔHC ΔFDI ΔINVR ΔOPEN ECM

ΔY – 1.8634* 1.0704 3.0327 0.2716 10.2933*** 0.0123***

(0.0747) (0.2995) (0.2995) (0.8730) (0.0058) (0.0000)

ΔECI 0.8373 – 0.0560 0.1445 5.6708* 5.0608* − 0.0031**
(0.6579) (0.9972) (0.9303) (0.0587) (0.0796) (0.0469)

ΔHC 0.2695 0.3086 – 0.0265*** 0.0002 0.0032 0.6678***

(0.8739) (0.8570) (0.0000) (0.9999) (0.9984) (0.0000)

ΔFDI 0.0264 0.2544 5.4081*** – 0.0025 0.0040 0.1912**

(0.9869) (0.8806) (0.0000) (0.9987) (0.9980) (0.0480)

ΔINVR 0.0051 0.6499 0.0094 0.0025 – 16.0856*** − 0.0290**
(0.9974) (0.7225) (0.9953) (0.9987) (0.0003) (0.0156)

ΔOPEN 4.0449 3.1980 0.0129 0.1663 8.8738** – 0.0058*

(0.1329) (0.2021) (0.9935) (0.9202) (0.0118) (0.0596)

***, **, and * indicate the level of significance at the 1%, 5%, and 10%, respectively

Table 9 Panel causality test results for low-income countries

Short run Long run

ΔY ΔECI ΔHC ΔFDI ΔINVR ΔOPEN ECM

ΔY – 0.2111 0.7264 2.6444 0.3677 3.120 0.0202***

(0.8142) (0.6954) (0.2656) (0.8320) (0.2100) (0.000)

ΔECI 0.0621 – 0.0763 1.0150 3.5908 0.8443 − 0.0300
(0.9694) (0.9626) (0.6020) (0.1661) (0.6556) (0.3486)

ΔHC 1.9657 1.7023 – 4.4497 0.4842 2.605 0.7537***

(0.3742) (0.4269) (0.1081) (0.7849) (0.2718) (0.0057)

ΔFDI 1.3755*** 0.1726 1.2147*** – 3.1835 4.6728* 1.4223***

(0.0012) (0.9173) (0.0004) (0.1486) (0.0967) (0.0000)

ΔINVR 0.6790 1.3401 0.3936 7.3736** – 2.1918 0.0040

(0.7121) (0.5117) (0.8213) (0.0251) (0.3342) (0.1720)

ΔOPEN 1.7172 6.3589** 2.3474 3.5857 2.0539 – − 0.0001
(0.4237) (0.0416) (0.3092) (0.1665) (0.3581) (0.9823)

***, **, and * indicate the level of significance at the 1%, 5%, and 10%, respectively
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investment and trade openness and the same is true between human capital and
foreign direct investment. The evidence also suggests a unidirectional Granger
causality running from export complexity and trade openness to economic
growth, and from the share of investment and trade openness to export com-
plexity. In addition, the long-run results indicate that there is a bidirectional
Granger causality among the running variables.

As regards the low-income country panel, our results in Table 9 show that
economic growth, human capital, and trade openness Granger cause foreign
direct investment in the short run. The findings reveal also the existence of a
short-run unidirectional Granger causality running from foreign direct invest-
ment to the share of investment and from export complexity to trade openness.
With respect to the long-run causality, the results indicate the existence of
bidirectional long-run causality between human capital, foreign direct invest-
ment, and economic growth.

Conclusion

The main objective of this study was to examine the long-run and causal
relationships between export upgrading and economic growth for 51 high-,
middle-, and low-income countries over the period of 1984–2015. For this
purpose, a panel cointegration framework that allows to control for parameters
heterogeneity, cross-sectional dependence, and nonstationarity has been de-
ployed. Furthermore, three homogenous subpanels have been considered based
on the income level of the sample countries (high-, middle-, and low-income
subpanels).

The results of the cross-sectional dependence and panel unit root tests
suggest that all the variables are cross-sectionally dependent and are I(1).
Besides, the cointegration tests yield evidence of a long-run relationship be-
tween export upgrading, economic growth, FDI, human capital, and trade
openness.

The panel CCEMG results indicate that export upgrading has a positive and
significant effect on economic growth for the global, high-income, and middle-
income panels, while this effect is insignificant for the low-income country
panel. The causality analysis indicates the existence of a feedback effect
between export complexity and economic growth for the global panel as well
as for the high- and middle-income country groups in the long-run. For low-
income countries, however, there is no causal relationship between these two
variables, and this finding holds both in the short-run and in the long-run. This
finding may stem from the fact that poor countries have low endowments in
physical and human capital and do not have the required skills to develop a
more complex production structure. The benefits from engaging in a process of
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export sophistication, at an early stage of development, are marginal or even
negative. Striving to move towards more specialization and complexity would
boost human capital accumulation, help building new skills and capabilities,
and foster economic growth. Felipe et al. (2012) point out that the accumula-
tion of capabilities in developing and poor countries is generally hindered by
information and coordination externalities that may give rise to market failures
and inadequate action by the private sector. Cadot et al. (2011) also argue that
in the case of countries that are not endowed with sufficient capabilities to
produce more sophisticated goods, no industrial policy will make them suc-
cessful exporters. On the other hand, rich countries are relatively well endowed
with more advanced productive capabilities (human and physical capital, the
legal system, institutions, etc.) that allow them to exploit all the benefits from
engaging in a process of export sophistication and mitigate its adverse effects
(Saafi and Nouira, 2018).

We concluded that economic specialization alone is not enough to spur
economic growth in developing and poor countries because growth benefits
from increased complexity will most likely be outweighed by the negative O-
ring effects, i.e., the costs of production failure caused by increased complexity
in those countries. Increasing export complexity for its own sake, therefore,
may be counter-productive. Strong incentives and sound policy instruments will
be needed to develop the right set of capabilities enables developing and
emerging countries to move up the value chain and break into fast-growing
markets for knowledge- and innovation-based products and services (Fortunato
and Razo, 2014). These should include, among others, fostering the accumula-
tion of skills and knowledge, improving the productive capacity, and making
knowledge-related investments (Barkhordari et al., 2018). Further, some
scholars argue that technology upgrading is highly dependent on whether
countries use global value chains and international R&D networks as levers,
linkages, and mechanisms of learning (for example, Radosevic and Stancova,
2018).

While the evidence reported here is important, it remains purely empirical
and should be seen as a starting point for further analysis in this area. In
future research, it would be valuable to develop a comprehensive theoretical
and analytical framework that could accommodate the findings reported in
the current paper. We further acknowledge that in this study, we do not
identify all the possible factors that drive the relationship between export
upgrading and economic growth. Therefore, it would be worthwhile to in-
vestigate the circumstances under which export upgrading is growth-enhanc-
ing. That is to say, to what extent the effects of export upgrading are
contingent on the level of financial and institutional development, the capital
and human stock, the degree of trade openness, and sound macroeconomic
policies, etc.
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