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Abstract

This paper examines the asymmetric impacts of both renewable energy consumption and economic complexity on Saudi
Arabia’s economic growth in nonlinear autoregressive distributed lag (NARDL) frameworks. We firstly adopt the methodol-
ogy of both standard NARDL and multiple threshold NARDL (MT-NARDL) models using quarterly data over the period
2000Q1-2015Q4. Then, we test the direction of the causal relationships between the underlying variables using both symmet-
ric and asymmetric Granger causality tests. Our results from the standard NARDL model indicate that the long-term impact
of a negative shock in renewable energy consumption on economic growth is significantly negative, while the short-term
impact of either positive or negative shocks has a significant positive effect. Moreover, both positive and negative shocks in
economic complexity have significant negative effects on economic growth in the long term, while economic growth is only
affected by the negative change in economic complexity in the short term. Our estimates based on the best MT-NARDL
model indicate that, in the long run, the effect of extremely large changes in renewable energy consumption is significantly
different from the effect of small changes in renewable energy consumption on Saudi Arabia’s economic growth. However,
the effect of extremely large changes in economic complexity does not significantly differ from the effect of small changes
in economic complexity on economic growth in the long run. Alternatively, in the short run, the effects of extremely large
changes in both renewable energy consumption and economic complexity are not significantly different from the effects of
small changes in those variables on economic growth. Finally, the symmetric/asymmetric causality nexus between positive/
negative shocks to either renewable energy consumption or economic complexity and positive/negative shocks to economic
growth is found to be neutral. The findings of this study provide deeper insights into the relationship between renewable
energy consumption, economic complexity, and economic growth in Saudi Arabia and can be used for recommending dif-
ferent policies in the long run and short run.
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Introduction

The use of renewable energy is increasing all over the world

Responsible Editor: Roula Inglesi-Lotz due to the availability of its resources, unstable energy
prices, and reduced negative effects of climate change. An

< Zouheir Mighri increase in its use has multiple benefits for society such
zmighri@uj.edu.sa as mitigating climate change, reducing the emission of
Majid Ibrahim AlSaggaf air pollutants, and improving energy security. Renewable

msaggaf @uj.edu.sa energy consumption (REC) contributed to about 22% of the

Department of Finance and Economics, College of Business, world’s final energy consumption by 2015 (e.g., Inglesi-Lotz
University of Jeddah, Jeddah, Saudi Arabia and Dogan 2018; Namahoro et al. 2021; among others).
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Furthermore, the global demand for renewable energy is
expected to rise to 31% by 2035 because of the full benefits
of using renewable energy (Conti et al. 2016). Meanwhile,
developed and developing countries are working in advance
to increase renewable energy (Zhang et al. 2017; Khoie et al.
2019; Namahoro et al. 2021; among others).

With the increasing use of renewable energy, there has
been a great deal of literature that has examined the causal
nexus between REC and economic growth (EG). The analy-
sis of the direction of causality between REC and EG has
been a central theme in the energy economics literature. It
provided pertinent policy implications for both energy and
environmental sustainability. This causality nexus has been
categorized in the light of four different hypotheses: growth,
conservation, feedback, and neutrality (e.g., Kraft and Kraft
1978). The first hypothesis postulates that EG depends on
REC. If this hypothesis is valid, then the energy conser-
vation policies can adversely affect the actual path of EG
because REC is an important factor of EG. The second
hypothesis assumes a one-way causal impact running from
EG to REC. If this hypothesis is satisfied, then the energy
conservation policies will not adversely affect EG since
the dependence of EG on REC is low. The third hypothesis
highlights a bidirectional causality between EG and REC.
Within the framework of this hypothesis, the energy conser-
vation policies can undermine EG. Moreover, developments
in EG may also affect REC. Lastly, the fourth hypothesis
suggests no causality between EG and REC. The validity
of this hypothesis suggests that a decrease in REC will not
affect EG. Otherwise, the debate on this research problem is
still alive and burning since the empirical evidence remains
controversial and ambiguous (e.g., Ewing et al. 2007; Fang
2011; Yildirim et al. 2012; Pao and Fu 2013; Ocal and Aslan
2013; Tiwari 2014; Azlina et al. 2014; among others).

In this paper, we focus on Saudi Arabia’s economy with
different motivations, reasons, and characteristics. Saudi
Arabia has the physical capacity to control and make use of
huge renewable energy sector opportunities. Under vision
2030, the National Renewable Energy Program (NREP)
has initiated a strategy aimed at maximizing the renewable
energy sources in the total energy budget of the country.
REC has increased and has become observed. Besides, there
is an acceleration of EG in most countries of the world,
which needs an increase in electricity generation. For this
reason, Saudi Arabia has made a strategy aimed at increasing
REC by at least twofold by 2030 to keep pace with economic
development and meet the increasing demand for electric-
ity (e.g., Toumi and Toumi 2019). In light of the specific
goals of Vision 2030, the NREP has set an organized and
specific roadmap aimed at diversifying local energy sources,
stimulating sustainable economic development, creating a
new renewable energy industry, and fulfilling the Kingdom’s
commitments to reduce CO, emissions and global warming.

Otherwise, some other studies consider economic com-
plexity as a potential channel of EG (e.g., Hidalgo and Haus-
mann 2009; Hausmann and Hidalgo 2011; among others).
These studies provide evidence of economic complexity that
led to growth. Economic complexity is related to product
diversification and the country’s ability to take advantage
of accumulated knowledge and endowments to diversify the
country’s exports. It is a powerful indicator that captures the
capabilities (human development, knowledge, innovation,
trade, etc.) of the whole economy. As argued by Hidalgo
and Hausmann (2009) and Hausmann and Hidalgo (2011),
EG is determined by the stock of productive knowledge and
skills to diversify productivity in an economy. This indicates
that product diversification enhances diversified exports
which in turn stimulate economic growth. In this thought
base, Hidalgo and Hausmann (2009) jointly developed the
Economic Complexity Index (ECI) which measures the
complexity of an economy’s productive capacity. Accord-
ing to these authors, a lower ECI reflects an economy that
is less complex and diversified in terms of productive capa-
bilities and therefore has less impact on economic develop-
ment. However, a higher ECI indicates a more complex and
diversified economy which also diversifies exports and thus
stimulates economic progress.

Following the Harvard Growth Lab’s annual ranking
of country and product complexity, Japan, Switzerland,
Germany, South Korea, and Singapore are the first ranked
countries in the table with their ECI scores being higher
than level 2. Interestingly, Saudi Arabia is ranked 39 in the
table with a moderate ECI score of 0.62 due to the middle
complex nature of the economy. Given that the ECI score
is higher for the most developed countries, it is a matter
of concern to raise questions since they are less endowed
with natural resources. According to Gylfason and Zoega
(2006), developed Asian countries like Japan, Singapore,
and Hong Kong do not have their wealth from exporting
primary products that have no value in the international mar-
ket. Moreover, the authors argued that these economies are
more complex in terms of productivity, and what constitutes
their exports are manufactured products and services such as
machinery and technology. Despite the moderate ECI score
for Saudi Arabia, export diversification policy options for
this country have not been explored in depth. Therefore, this
lack of literature raises the impetus for this current study
to examine whether renewable energy consumption and
economic complexity have significant effects on economic
growth in Saudi Arabia.

The contribution of the current study is threefold.
First, we extend the frontiers of knowledge by consider-
ing the role of economic complexity in the nexus between
REC and EG in Saudi Arabia. Owing to this, we contrib-
ute to the REC-EG nexus assumption by using an aug-
mented growth model. To the best of our knowledge, this
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is the first study that addresses this matter and considers
economic complexity as a channel of EG, while focus-
ing on Saudi Arabia’s economy. Note that Saudi Vision
2030 provides a roadmap developed by the Kingdom to
diversify investments away from oil, which recognizes
that Saudi Arabia still lacks a competitive renewable
energy sector at present. Indeed, the government of Saudi
Arabia has promoted some energy regulations to reduce
its dependence on oil exports. These measures may be
affected by the sophistication of the social, economic,
technical, or environmental characteristics of energy
systems, and their complex social and technological
dynamics. The empirical literature has emphasized that
the technological process is the main basis of EG (e.g.,
Hidalgo et al. 2007; Hidalgo and Hausmann 2009). Sec-
ond, from a methodological perspective, this study firstly
uses both the NARDL (Shin et al. 2014) and MT-NARDL
(e.g., Verheyen 2013; Pal and Mitra 2015, 2016, 2019;
among others) models. Although the NARDL framework
has been widely adopted in the empirical energy litera-
ture, its application while considering the nexus between
REC and EG in Saudi Arabia is limited. Besides, to the
best of our knowledge, no study has investigated such a
relationship using the MT-NARDL approach. It should
be stressed that both NARDL and MT-NARDL mod-
els have three main advantages: (i) They are applicable
regardless of whether the underlying variables are purely
integrated of order one or purely integrated of order zero
or in mixed order, with the condition of not being inte-
grated beyond order one. (ii) They allow us to estimate
the transmission between the independent and dependent
variables both in the short run and long run simultane-
ously. (iii) The MT-NARDL model takes into account the
effects of the dependent variable on extreme positive and
negative values of the independent variable and identi-
fies the response to moderate changes in the independent
variable. Third, policy officials and other stakeholders
can gain knowledge on how to promote economic growth
through the function of economic complexity and the use
of renewable energies. Our empirical analysis supports
policy officials’ direct policy proposals regarding maxi-
mizing the benefits of renewable energies by focusing on
economic complexity.

The remainder of the paper is structured as follows;
the “Literature review” section summarizes the related
empirical literature. The “Data description and empiri-
cal model” section describes the data and specifies the
empirical model. The “Econometric methodology” sec-
tion presents the methodology. The “Empirical results”
section discusses the empirical findings. The “Conclu-
sions and policy implications” section concludes the
paper with some policy recommendations.
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Literature review

Renewable energy consumption-economic growth
nexus

Renewable energy has become a major factor influenc-
ing EG for all international countries. Interestingly, the
development and use of renewable energy turn out to be
an inevitable choice in a global context characterized by
energy shortage and environmental pollution. Therefore,
Saudi Arabia is making more and more efforts to integrate
renewable energy into the energy mix. However, these
efforts give to raise the following research question: Does
more REC support EG in Saudi Arabia? To answer this
last question, several empirical studies have examined the
causal nexus between REC and EG.

The empirical single-country studies listed in Table 1
have globally supported one of the four above-mentioned
hypotheses on the causal relationship between REC and
EG. However, the findings from these studies are, at best,
mixed, divergent, and conflict across different countries.
This divergence in empirical results is mainly due to the
utilization of different data and periods, as well as to the
difference in the adopted mathematical, statistical, and
econometric methodologies.

Economic complexity-economic growth nexus

Economic complexity and its connection with EG repre-
sent an important and increasingly researched topic during
the last decades. It has been seen as a superior reflector of
the level of technological advancement or innovation in
a country as well as a better determinant of its long-run
EG (e.g., Abdon and Felipe 2011; Caldarelli et al. 2012;
Hausmann et al. 2014; Kemeny and Storper 2014; Cristelli
et al. 2015; Hartmann et al. 2017, among others).
Economic complexity was implicitly elaborated by the
seminal works of Hidalgo et al. (2007) and Hausmann
et al. (2007) who created a model for the network connec-
tion between products. By examining the network similari-
ties between the exported products, they showed that prod-
ucts that are exported mainly by high-income countries
are located in the center network, while those exported by
low-income countries are located in the periphery. Given
that international trade data can be interpreted as a bipar-
tite network between countries and products, Hidalgo and
Hausmann (2009) proposed the “method of reflections”
to capture the level of ECI. Using this method, the ECI
is measured through the reflection of economic outcomes
(e.g., Hidalgo and Hausmann 2009; Hausmann et al. 2011,
2014; Mariani et al. 2015). Particularly, the level of ECI
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Table 1 A summary of single-country studies on the REC-EG nexus
Author Time period Sample Methodology Conclusion
Sari et al. (2008) 1969-1999 USA ARDL CH
Payne (2009a) 1949-2006 USA Toda-Yamamoto causality tests NH
Menyah and Wolde-Rufael (2010) 1960-2007 USA VAR model; Granger causality test CH
Bowden and Payne (2010) 1949-2006 USA Toda-Yamamoto long-run causality test Mixed
Tiwari (2011) 1960-2009 India Structural VAR CH
Fang (2011) 1978-2008 China Multivariate OLS GH
Payne (2011) 1949-2007 USA Toda-Yamamoto causality tests GH
Yildirim et al. (2012) 1949-2010 USA Toda-Yamamoto and Hatemi-J causality tests Mixed
Pao and Fu (2013) 1980-2010 Brazil ECM FH
Ocal and Aslan (2013) 1990-2010 Turkey ARDL; Toda-Yamamoto causality test CH
Magnani and Vaona (2013) 1997-2007 Italy Panel VEC GH
Lin and Moubarak (2014) 1977-2011 China ARDL, Granger causality FH
Dogan (2015) 1990-2012 Turkey ARDL bounds test; Johansen panel cointegration; GH
Gregory-Hansen cointegration tests
Bilgili (2015) 1981-2013 USA Wavelet analysis GH
Shahbaz et al. (2015) 1972Q1-2011Q4 Pakistan ARDL bounds test; Johansen cointegration; VECM FH
Granger causality test
Rafindadi and Ozturk (2017) 1971Q1-2013Q4 Germany ARDL bound testing, VECM Granger causality test FH
Brini et al. (2017) 1980-2011 Tunisia ARDL Mixed
Brady and Magazzino (2018) 1990-2007 Italy Toda-Yamamoto causality test GH
Gozgor (2018) 1965-2016 USA ARDL GH
Troster et al. (2018) 1989M07-2016M07 USA Quantile Granger causality FH
Shahbaz et al. (2018) 1960-2016 USA ARDL FH
Mbarek et al. (2018) 1990-2015 Tunisia VECM; Granger causality test GH
Bulut and Muratoglu (2018) 1990-2015 Turkey ARDL; symmetric Hacker-Hatemi-J (2012) and asym- NH
metric Hatemi-J (2012) causality test
Lugman et al. (2019) 1990-2016 Pakistan NARDL GH
Toumi and Toumi (2019) 19902014 Saudi Arabia NARDL; asymmetric Hatemi-J (2012) causality test CH
Can and Korkmaz (2019) 1990-2016 Bulgaria ARDL Mixed
Fan and Hao (2020) 2000-2015 China VECM; Granger causality test GH
Ghosh and Kanjilal (2020) 1971-2014 India Regime shift cointegration and TVECM FH
Cevik et al. (2020) 1973Q1-2019Q4  USA MSVAR; regime-dependent Granger causality test NH
Yasmeen et al. (2021) 1990Q1-2018Q4 Pakistan Structural equation modeling GH
Abbasi et al. (2020) 1970-2018 Pakistan NARDL GH
Namahoro et al. (2021) 1990-2015 Rwanda NARDL; asymmetric Hatemi-J (2012) causality test GH
Baz et al. (2021) 1980-2017 Pakistan NARDL; asymmetric Hatemi-J (2012) causality test FH
Jafri et al. (2021) 1980-2016 Pakistan NARDL; symmetric and asymmetric causality Mixed
Gyimabh et al. (2022) 1990-2015 Ghana Granger causality FH

GH, growth hypothesis; CH, conservation hypothesis; NH, neutrality hypothesis; FH, feedback hypothesis

is reflected by the revealed comparative advantage or
the extent to which a country effectively exports a given
product. In this regard, the ECI does not stand for the
quantitative aspects of economic development or the total
contribution of economic sectors to the GDP (Hartmann
et al. 2017). Instead, it is a more “qualitative” aspect of
economic outcome (Mariani et al. 2015). According to
Hidalgo and Hausmann (2009), Hausmann and Hidalgo
(2010), and Hausmann et al. (2011), ECI stands for the
stock of knowledge accumulated in a population (also

known as product knowledge, or production complexity).
Therefore, it indicates the development of productive capa-
bilities (i.e., technological advancement) at different lev-
els, such as individuals, organizations, and organizational
networks.

Moreover, ECI offers an advantage over other indicators
since it measures the competitiveness of an economy through
two concepts: “diversity” and “ubiquity” of exported prod-
ucts (e.g., Hidalgo and Hausmann 2009; Bustos et al. 2012;
Lapatinas 2019). According to these authors, the concept of
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“diversity’’ reflects the number of products produced and
exported by a country with revealed comparative advan-
tage, while the “ubiquity” concept stands for the number
of countries that have an advantage in exporting a given
product. Therefore, a country is said to be more sophisti-
cated (complex) if it can export a wider range of products,
which have relatively high ubiquity (i.e., exported by a few
other countries).

The literature regarding the connection between ECI
and EG started with the seminal works of Hausmann et al.
(2007) and Hidalgo and Hausmann (2009). Hausmann et al.
(2007) found a positive association between a country’s set
of capabilities and its rate of EG and suggested that some
goods have higher spillover effects than others. Expanding
on this result, Hidalgo and Hausmann (2009) pointed out
that the ECI reflects a country’s good level of capabilities
and is a better indicator of long-term EG. This result sug-
gests that the complexity of an economy sets an equilibrium
level of income. In addition, this result has been replicated
by several empirical studies using national, subnational, and
international data.

At the subnational level, Poncet and de Waldemar (2013)
examined the link between ECI and EG using a panel of
221 Chinese cities and various control variables. Their
findings indicate that one additional standard deviation in
ECI contributes to approximately 0.7% of yearly per capita
EG. Balsalobre et al. (2017) found a positive connection
between ECI and EG using interregional trade data from
Spain. Similarly, Coniglio et al. (2016) utilized provincial
data from Italy and found that one standard deviation in ECI
is associated with 7-10% growth in per capita EG in a 3-year
interval. Likewise, Chavez et al. (2017) showed that ECI
is significant in explaining the variation of wealth among
regional economies in Mexico. They also found that ECI is
robust in explaining the EG in some Mexican states. Using
regional data for 31 Chinese provinces between 1990 and
2015, Gao and Zhou (2018) found that ECI is linearly and
positively correlated with GDP per capita, supporting that
ECl is a driving force of EG. Furthermore, Lo Turco and
Maggioni (2020) explored the US occupation data and found
a positive association between future EG and occupational
complexity. Using a panel data quantile regression method-
ology, Dogan et al. (2020) showed that the EG of European
countries was enhanced due to ECI. Lastly, Buccellato and
Coro (2020) conducted a study on European regions and
drew the conclusion stipulating that economic complexity
helps the convergence of lagging Eastern European regions.
They also argued that economic complexity contributes to
the increasing gaps between the more and the less advanced
European regions.

At the national level, very few studies have looked at the
connection between ECI and EG. To the best of our knowl-
edge, only the study of Gozgor (2018) has investigated this
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relationship. Interestingly, a significant positive correlation
has been found between ECI and EG in the US economy.

At the international level, Hidalgo and Hausmann (2009)
and Simoes and Hidalgo (2011) showed that ECI has a sig-
nificant and sustainable positive effect on EG. Their results
also prove that ECI can explain the cross-country income
differences and predict their future growth rates. Using the
method of reflection suggested by Hidalgo and Hausmann
(2009), Felipe et al. (2012) computed the measures of prod-
uct and country complexity and ranked 5107 products and
124 countries. They argued that if the productive structure of
an economy is more complex, then its production capabili-
ties will be stronger. Besides, Felipe et al. (2012) claimed
that ECI allows for predicting the future short- and long-
run EG. However, Ourens (2013) pointed out that ECI can
only predict the long-run EG. Furthermore, Ourens (2013)
indicated that the connection between ECI and long-run
EG is reproduced using six-digit trade data. Besides, Haus-
mann et al. (2014) proved that the causal nexus between
ECI and EG is robust in controlling for competitiveness,
institutions, education, export concentration, and natural
resource exports. In addition, Ferrarini and Scaramozzino
(2016) found that the complexity of production and its
adaptability has a positive effect on the per capita income
of 89 countries between 1990 and 2009. Otherwise, Stojko-
ski et al. (2016) reconstructed the ECI using merchandise
and service exports data. Their findings reveal the existence
of a positive correlation between ECI and per capita EG. In
addition, Zhu and Li (2017) employed cross-country panel
data for 210 countries and showed that ECI is a predictor
of EG. They also found that ECI and human development
depict a positive linkage with EG. Moreover, Domini (2022)
calculated historical ECIs for dozens of countries using data
from world fairs held in Paris from 1855 to 1900. His results
indicate that one standard deviation increases in ECI con-
tribute approximately 3—4% to future EG.

Using aggregate data from 31 OECD countries and the
GMM panel VAR model, Udeogu et al. (2021) showed that
ECI has a significant positive impact on EG. In addition,
they suggested that a one standard deviation shock to the
ECI at time O contributes around 2.34% to the average rate of
EG within the first period, while the aggregate impact on EG
is about 4.4% in the long run. According to these authors, the
positive connection between ECI and EG could be explained
by the fact that countries exporting complex and diverse
products tend to be high-income (rich, developed) countries,
while those exporting noncomplex and ubiquitous products
unsurprisingly tend to be low-income (poor, developing)
countries. Using cross-country data, Du and O’Connor
(2021) showed that economic complexity acts as a chan-
nel through which entrepreneurship stimulates growth, and
thus, they found that increasing economic complexity has a
direct impact on economic progress. Lybbert and Xu (2022)
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Fig. 1 REC in Saudi Arabia (source: “World Bank sustainable energy for all”)

proposed an innovation-adjusted ECI (i-ECI), which reflects
the firms’ decisions about where to seek patent protection
on industry-specific inventions and captures the firms’ per-
ceived innovation potential in the recipient countries. They
found a strong positive correlation between the i-ECI and
future EG. In conclusion, the authors indicated that the i-ECI
is a stronger and more statistically precise predictor of EG
than the unadjusted ECIL.

Lastly, Tabash et al. (2022) examined the link between
natural resources, economic complexity, and economic
growth in a sample of 24 African economies for the years
1995-2017. Using the system generalized method of
moments (GMM) estimation method, the authors docu-
mented a positive impact of ECI on EG. Such a positive
link was observed when ECI interacts with natural resources
and conjunctionally affects EG.

Data description and empirical model
Data description

In the current study, we use five-time series data in
annual frequency, including real Gross Domestic Prod-
uct (RGDP), capital (K), the total labor force (L), REC,
and ECI. Because of data availability issues, we limit our
analysis to the period 2000-2015. RGDP is a proxy for
EG and is measured in constant 2010 US dollars. Saudi
Arabia is a high-income country, ranking as the 32nd
richest economy per capita. Its 34.3 million inhabitants
have a GDP per capita of $23,139 ($48,948 PPP; 2019).
The growth rate of GDP per capita has averaged — 0.5%
over the past five years, below regional averages. REC
is defined as the sum of hydroelectric power, geothermal
energy, solar energy, wind energy, and biomass energy
and is measured in quadrillion BTUs. Saudi Vision 2030
currently provides a roadmap for the kingdom to diver-
sify away from traditional energy sources, recognizing

that it still lacks a competitive renewable energy sector.
One of the short-term goals is to produce as much solar
and wind energy by generating 9.5 gigawatts of renew-
able energy.

Figure 1 shows the share of REC in the total final energy
consumption (TFEC) in Saudi Arabia over the period 1990
to 2015. As indicated in Fig. 1, the share of REC in TFEC
has decreased over the study period. In addition, REC is
almost flat from 1996 to 2015. Given that Saudi Arabia is
currently making great efforts to benefit from renewable
energy sources, we can expect a positive impact of REC
on its EG in the long term.

K is defined as the real gross capital formation (RGCF)
and is calculated in millions of constant US dollars. L is
defined by the World Bank Development Indicators (WDI)
as the active population including all individuals that have
supplied labor and contributed to the production for a
given period. It is measured by millions of people. The
RGDP, RGCEF, and L variables are obtained from the WDI
online database. Otherwise, the REC Series is collected
from the ‘Sustainable Energy for All’ online database.

Lastly, ECI measures the capabilities, productivity, and
knowledge of an economy that is determined by the diver-
sity, ubiquity, and complexity of the products it exports
(e.g., Hidalgo and Hausmann 2009; Hausmann et al. 2011;
Gozgor 2018; among others). Data on ECI is sourced from
the Atlas of Economic Complexity database (https://atlas.
cid.harvard.edu/). Saudi Arabia ranks 39th most complex
country in the ECI ranking. Compared to the previous dec-
ade, the economy of Saudi Arabia has become more com-
plex, improving 47 places in the ECI ranking (see Fig. 2).
This improvement in complexity was driven by the diver-
sification of Saudi Arabia’s exports. Going forward, Saudi
Arabia is in a position to take advantage of a moderate
number of opportunities to diversify its production using
its existing expertise. Otherwise, Saudi Arabia is some-
what less complex than would be expected for its income
level. Hence, its economy is expected to grow slowly.
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Empirical model

To investigate the relationship between REC and EG, we
utilize the following growth model':

Y=f(K,L) (D

where Y denotes RGDP, K is proxied by RGCF, and L is the
total labor force.

By dividing Eq. (1) with L, we get the following
expression:

Y K

z=1(7) @
where Y /L denotes the RGDP per worker, and K /L refers to
the RGCF per worker.

By adding both the REC and ECI variables into Eq. (2),
we get:

' For more details, see Apergis and Payne (2010a, b, 2011b, 2012b),
Kabhia et al. (2016, 2017), Gozgor (2018), and Ivanovski et al. (2021),
among others.
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RGDP = f(RGCF, REC, ECI) 3)

Equation (3) can also be parameterized as follows:

(RGDP), = f(RGCF;‘ ,REC’ ,ECI{) = RGCF*REC!ECI!

“
where @, f#, and y stand for the elasticities of RGDP com-
pared to RGCF, REC, and ECI, respectively.

The empirical model in Eq. (4) can be transformed into
its natural logarithmic form as follows:

In(RGDP), = alnRGCF, + PINREC, + yInECI, + ¢, (5)

where ¢, is a random error term.

Econometric methodology
NARDL model

Unlike the traditional ARDL cointegration model (Pesaran and
Shin 1998; Pesaran et al. 2001), the NARDL approach (Shin
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et al. 2014) has two advantages. First, its estimation technique
emphasizes asymmetric effects of potential determinants of the
dependent variable from the short-term and long-term perspec-
tives. Second, the estimation of the NARDL model is more effi-
cient and reliable when the sample size is small. The NARDL
model allows the decomposition of the positive and negative
partial cumulative sum of the explanatory variables. Formally,
Shin et al. (2014) introduced the following regression:

=[x+ 57X +u, (6)

Ax, =v, 7

where y, is the dependent variable; f* and - are the asym-
metric long-run parameters which capture asymmetric
changes; u, is a random error term; and x, denotes a k X 1
vector of several regressors such that

X, =X+ x5 +x7 ®)

where x* and x7 denote the partial cumulative sum of posi-
tive and negative changes in x,:

t t
xt = i Ax;r = ijl max (ij,O) )

X = = Z min(Ax;,0) (10

Shin et al. (2014) extended the ARDL model by develop-
ing a flexible dynamic parametric framework aimed at mod-
eling the relations exhibiting combined long-term and short-
term asymmetries. Formally, they proposed the following
NARDL(p,q) framework:

_ P q + o+ o
Ve = ijl by + Z].:O <9j X+ xt_j) +¢, (11)

where p and g denote the lag orders for y, and x,, respec-
tively; ¢; is the autoregressive parameter, 0}." and Bj‘ stand for
the asymmetrically distributed lag parameters, and
g, ~ iid (0, 6?).

The NARDL model in Eq. (11) can be rewritten in its error
correction form as follows:

q-1

’ o p-1
Ay, = pyyy 07 070+ YT Ay + 0

<(p]-+/Ax e AX,_,)+6, p§;1+2 viby; (12)

+z;1=0 ((pj Axl ;T Axtﬂ) &
Wherep=ZJ’.’=1<pi—1;7{i=—2‘;’=j+1¢if0rj=1,...,p—1;
O =TL6 C=TL6 =0 6=

_ + _ R
= Z_]+]0, for]—l,...,q—l,(pj = Z_l+19j for

j =1,...,g— Land¢, =y, — (ﬁ+/x:' + p~'x7 ) represents the

nonlinear error correction term (ECT) such that * = —0% /p
and p~ = -6 /p.

Equation (12) can be estimated using the standard OLS
since the regressors can be decomposed in their positive and
negative partial sums. However, in Eq. (12), the correlation
between residuals and regressors may be different from zero.
To deal with this issue, Shin et al. (2014) considered the fol-
lowing process for Ax;:

Ax_z AjAx,_ +v, (13)

where v, ~ iid(0,%,), with £, denoting a k X k positive defi-
nite variance—covariance matrix.

Then, Shin et al. (2014) expressed the error term ¢, in
terms of v, as follows:

’ ! -1
=0y te=o Ay - Y AN ) +e, (14)

where v, is assumed to be uncorrelated with e,; x, is a k X 1
vector of I(1) regressors given by Eq. (13) and ¢, ~ iid(0, ?)

By substituting Eq. (14) into Eq. (12), the resulting con-
ditional NARDL-based ECM model is given by

p—1 g-1 ’ _ _
Ay, = pé,_| + ZFI YAy, + ijo <7zj+ Ax:'_j +7; Axt_j> +e,

(15)
where z) =07 +w; 7, =0; +w; 7r —qo —a)A for
j=1,...,9—1; =@ a)A for]—l ..,q—l and

p < 0 guarantees the dynamlc stablhty of the NARDL-based
ECM model.

To test the evidence of long- and short-term asym-
metries among the series, Shin et al. (2014) used a
standard Wald test for both the null hypothesis of sym-
metric long-run dynamics (H;, : f* = p~ = §) and the
null hypothesis of symmetric short-run dynamics
((i)H§R tat = x = mfoy =0.....q — lor (DHS, : X0 7 = T nj-)-

Based on the NARDL-ECM framework in Eq. (15), Shin
et al. (2014) developed two bounds-testing procedures to
validate the potential presence of an asymmetric long-run
(cointegration) relationship. First, they followed Banerjee
et al. (1998) and proposed a ¢-statistic, denoted as tpp,,, to
test Hy : p=0against H, : p <0.If H, : p = 0fails to be
rejected, then there is no long-run relationship between y,,
xf and x7. Second, they proposed an F-test, called the PSS
bounds test, denoted as Fpgg, (HPSS tp=pt=p = 0).
If Hpg fails to be rejected, then there is no asymmetric
cointegration.

Shin et al. (2014) further derived the asymmetric dynamic
multipliers, which are associated with unit shocks in x}" and
x, respectively, on y,. To do so, they considered the follow-
ing ARDL-in-levels:
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L)y, = 07 (L)xT + 67 (L)x; +e, (16)
where ¢(L)=1-Y"!¢pL'; 6*(L)=3" 6L and
0~(L)=Y", 07L'
Pre-multiplying Eq. (16) by ¢(L)~", we find

Yo = ANDX + AL + L) e, (17)
where L =32 A = HL)'oH(L) and
AW = X2 47 = ¢ 0" (L)

Note that the cumulative dynamic multiplier effects of x
and x; allow describing the asymmetric adjustment paths
and/or duration of the disequilibrium. They are given by

h @yﬁ* h
+_ o oo
m, = Zj:O ox* T Ldj=0 ’11‘ Sy,
18)
h aYH—j h _ (
=2 Fra 2y Aiforh = 0,12, ..
where m” — f* = —0*/pash — coandm, — =~ =—-0"/p
as h — oo.

Lastly, if the short-term symmetry is accepted, then
Eq. (15) reduces to the NARDL model with long-term
asymmetry:

p—1 q-1
Ay, = pé_, + Z,-=1 1Ay, + Z,:o mAx,_+e, (19)

Otherwise, if long-term symmetry is accepted, then
Eq. (15) reduces to the NARDL model with short-term
asymmetry:

p—-1
Ay, = py,_; +0x,_; + Zj:l YiAy,
1 L (20)
+ =0 (7[] Ax .+ 7 Axt_j> +e,

where 0 = —pf

MT-NARDL model

The NARDL model of Shin et al. (2014) is a single
threshold ARDL, which just disintegrates the independ-
ent variable x, into positive and negative partial sums. It
has focused on the median value of the regressor as the
threshold point. However, it does not precisely detect the
spillover effect of all changes in regressors from small
to large. Rather than focusing on one threshold point
(whether around the median or at the median value), the
two-threshold NARDL model of Verheyen (2013) has
focused on two threshold points. Then, Pal and Mitra
(2015, 2016) proposed the MT-NARDL model, which
has focused on more than two threshold points. This
model splits the regressor into different quantiles to
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explore the asymmetric transmission of the regressor
with minor to major fluctuations.

One limitation of the MT-NARDL model is the sample
size which decreases as the threshold increases. For exam-
ple, a single threshold divides the estimated sample into
two halves. With four thresholds, the estimated number of
samples becomes one-fifth of the original, and thus, fewer
samples reduce the accuracy of the estimates. Since we have
64 observations, we decompose the series into four partial
sums at most. We firstly split the x, series into three partial
sum series:

X, = Xy +xt(a)1) +xt(a)2) +x,(a)3) 21

In Eq. (21), xt(wl ) x,(wz), and xt(a)3) are three partial
sums where the 30th and 70th quantiles of the x, fluctuations
are set as two thresholds given by 753, and 7, respectively,
and derived as follows:

x (o)) = 2:1 Axi(w)) = 2;1 AxiI(Ax; < 139)  (22a)

x,(a)z) = 2;1 Axi(a)z) = Z;l Axi1(130 <Ax; < 170)
(22b)

x,(a)3) = 2::1 Ax,»(co3) = 2;1 Ain(Axl- > 1'70) (22¢)

where /(.) is an indicator function that takes the value 1
when the conditions are expressed within the parentheses
in Egs. (22a-22c¢) are satisfied; otherwise, it is zero.

The splitting of x, fluctuation in two quantiles is expressed
in a NARDL framework as follows:

n 3 n,
Ay, = i=11 @Ay, + Z]ﬁl o (Pkisz—i(wj)
s (23)
+01y1 + Zj=l O (@) + ¢,

where k =j + 1.

Equation (23) refers to the two thresholds NARDI
model. The cointegration among the long-run variables of
Eq. (23) can be tested using the following the null hypothesis
Hy:0,=60,=0;=0,=0.To perform the bound tests for
cointegration, we use the critical values provided by Pesaran
et al. (2001) and Shin et al. (2014). Furthermore, we use the
Wald test to assess the short-run asymmetry using the null
hypothesis H, : @,; = @3; = @4;- We also employ the Wald
test to evaluate the long-run asymmetry by testing the null
hypothesis H, : 6, = 0; = 0,.

To determine whether the impact of large changes in
x, differs significantly from the effect of smaller changes
in x, on y,, we further decompose the exogenous variable
(changes in x,) in quartiles by setting three thresholds. The
splitting of the x, series into four partial sum series is given
as follows:
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X, = X, +xl(wl) +xt(w2) +xt(a)3> +xl(w4) 24)

In Eq. 24), x,(®, ), x,(@,), x,(w3), and x,(w,) are four
partial sums where the 25th, 50th, and 75th quartiles of the
changes in x, are set as three thresholds given by 7,5, 75, and
775, Tespectively, and derived as follows:

xt(a)l) = Z;l Ax,»(col) = Z;l Axil(Axi < 1'25) (25a)

x(w,) = 2:,:1 Ax;(w,) = 2;1 Ax;I (755 < Ax; < 759)
(25b)

x(@s) = Y Ax(ws) = Y Avd(rg) < Ax; < 775)
(25¢)

x,(a)4) = 2;1 Ax,»(co4) = 2;1 Ax[I(Axl- > r75) (25d)

where () is an indicator function that takes the value 1 when
the conditions within the parentheses in Eqgs. (25a-25d) are
satisfied; otherwise, it is zero.

The splitting of x, fluctuation in quartiles is expressed in
an NARDL framework as follows:

4
Ay, = 27:'1 @Ay, + ijl ZZO Pl ()

) (26)
+0y,_,+ ZFI 0,x,_1 (a)j) + ¢,
where k =j + 1.

Equation (26) refers to the three thresholds NARDL
model. To validate the cointegration relationship
among variables in Eq. (26), we test the null hypothesis
Hy:0 =60,=0,=6,=0s;=0. We perform the bound
tests for cointegration using the critical values suggested by
Pesaran et al. (2001) and Shin et al. (2014). Next, we assess
the short-run asymmetry using the Wald test under the null
hypothesis H,, : @,; = @3; = @4; = @s;. Finally, we evaluate
the long-run asymmetry using the Wald test under the null
hypothesis Hy : 6, = 0; = 0, = 0s.

For the MT-NARDL model implementation, we follow
the same steps as described for the NARDL approach. First,
we estimate Eq. (23) and Eq. (26) using the OLS technique.
Second, we estimate the cointegration relationship using the
standard Wald test. Therefore, we obtain the F-statistic and
compare it with the asymptotic upper bound critical value.
Lastly, we apply the Wald test to examine whether the effect
of change in x, is symmetric or asymmetric on y, both in the
long run and the short run.

Asymmetric causality test
Granger and Yoon (2002) developed the idea of transform-

ing data into both cumulative positive and negative shocks
to test for (hidden) cointegration. This approach has been

extended to causality analysis by Hatemi-J (2012). In this
vein, causality is considered asymmetric insofar as positive
and negative changes may have different causal effects. Let
assume y,, and y,, be two integrated variables. To inspect
the causality between these series, Hatemi-J (2012) assumed
that y,, and y,, are expected to follow the following random
walk processes:

t
Vg =Yt e, =Viot Zizlel,i @7)
t
Yor = Vo1t €0 =Yt Zi:l €, (28)
where t = 1, ..., T refers to the period; y, ; and y, , are the

constants; and &, ; and €, ; denote the white noise disturbance
terms.

Hatemi-J (2012) defined positive and negative shocks as
follows:

+ _ ot e
£, = max(el’i,O),ezyi = max(sz’i,O),el!i

29

=min(g,;,0);e,, = min(e,;,0) 9
Therefore, €, ; and €, ; can be expressed as follows:

€1, = 5;‘ te; (30)

€1 =€, + &, (31)

Substituting Eq. (30) into Eq. (27) and Eq. (31) into
Eq. (28), we get the following processes:

t t _
Vi =V0F D ELiF Do EL (32)

t t
Yo =Y0t Z,-:l 521' + Zi:l 6;,1' (33)

Lastly, the positive and negative shocks of each series can
be defined as follows:

Vi = Z;l L = Z;l €1Ya; = Z;:l €9 = Z;:l 2y
(34)

It should be stressed that positive and negative shocks
have permanent impacts on the underlying variables. The
next step is to test the causality between positive cumulative
shocks as well as between negative cumulative shocks. Let
us assume y; = ( yti, yL). Testing for asymmetric causality

can be done using a VAR(p) model:
V=oAL e A AT ] (35)

where yF denotes the 2 X 1 vector of variables, v is the 2 X 1
vector of intercepts, A, is a 2 X 2 matrix of parameters for
lagorderr =1,...,p, and u;r is a2 X 1 vector of error terms.
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To select the optimal lag order p, Hatemi-J (2003, 2008,
2012) proposed the following Hatemi-J criterion (HJC):

HIC = ln<|ﬁ|> +j<n21nT + 2n21n(lnT)> P
, ,

T orj=0,...,p
(36)

where ﬁj represents the estimated covariance matrix of the
error terms in the VAR(p) model based on lag order j; n
denotes the number of equations in the VAR(p) model; and
T is the number of observations.

To test the null hypothesis that the & th element of y;" does
not Granger cause the  th element of y", Hatemi-J (2012)
used a VAR(p) approach, which is given by

where Y := (y;f, ..,y}’) is a (xT) matrix;
D := (U’Al""’Ap) is a (mXxX{+np) matrix;

Z:=(Zy,.... 7,
Z, = ( 1yt y;r_l y;r_pJrl ) is a (1 + np) X 1) matrix for
t=1,....T;and 6 := (u,...,u})is a(n X T) matrix.

The null hypothesis of non-Granger causality is given

as H, : Cp =0 and is tested using the following Wald test
statistic:

is a ((,1+np)><T) matrix with

Wald = (CB) [C((z’z)‘1 ® SU>C']_1(Cﬁ) (38)

where ® is the Kronecker product, f =NveAc(D), Cis a

. . 55
(p X n(1 + np)) indicator matrix, and Sy, = ”_;’ denotes the

T
estimated covariance matrix of the unrestricted VAR(p)

model, with g representing the number of parameters in each
equation of the VAR model.

According to Hatemi-J (2012), if the normality assump-
tion is satisfied, then Wald~ ;(2(p). However, if the vari-
ables are not normally distributed, then the bootstrapping
simulation technique is the solution to remedy this issue.
On the other hand, H,, : Cf = Ois rejected if the calculated
Wald test statistic is higher than their corresponding critical
values.

Empirical results
Summary statistics

In the current study, we first convert the yearly time series
into quarterly data using a quadratic match-sum approach,
which is particularly appropriate to avoid both the small
sample and seasonality problems (Shahbaz et al. 2017). This
method is also preferred to other interpolation alternatives
due to its convenient operating procedure. Then, we convert
all quarterly variables to their natural logarithm to ensure
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better distributional properties. Figure 3 illustrates the time
trend of the quarterly series from 2000Q1 to 2015Q4. Both
RGCF and REC show positive upward trends, while RGDP
and ECI indicate an alternation of negative downward and
upward trends over the sample period. Furthermore, from
2010, REC began to play a significant role in the energy mix
of Saudi Arabia.

Table 1 reports the descriptive statistics of the series. The
mean and median values of RGDP, RGCF, and REC are
positive and quite similar, while ECI is found to be nega-
tive to the same degree. RGDP reveals the highest average,
followed by RGCF, REC, and ECI. It is also found that ECI
is the most volatile series when compared to the other vari-
ables. RGDP is found to be the less volatile series, indicating
that RGDP has been stable from 2000Q1 to 2015Q4 in Saudi
Arabia. For each variable, the 10-Trim value is close to the
mean, while the IQR shows the nonexistence of both severe
and mild outliers in the data series. Moreover, all variables
have asymmetric distribution. They also exhibit a negative
skewness, indicating that their distribution is skewed toward
the left. The Excess kurtosis values show that all variables
follow a platykurtic distribution. Moreover, the outcomes
of the JB, SW, SW’, and S/K normality tests generally lean
toward the conclusion that the normality assumption can be
rejected. Based on the characteristics of the series, it seems
necessary to rely on asymmetric methods.

The outcomes of the correlation analysis are also depicted
in Table 1. They show that all variables have a significant
correlation with each other. A moderate negative and signifi-
cant correlation was found between RGCF and RGDP. Fur-
thermore, a strong negative correlation is observed between
REC and RGDP as well as between ECI and RGDP. In addi-
tion, the positive and significant correlations between RGCF
and REC and between ECI and REC are regarded as very
strong. Lastly, a significant moderate positive correlation
was shown between REC and ECI (Table 2).

Next, we check the unit root properties of the series before
testing for cointegration. Note that the ARDL/NARDL
approaches can be applied for time series that are purely
stationary, i.e., I(0), or purely integrated of order 1, i.e., I(1),
or that have a mixture of I(0) and I(1).? Nevertheless, they
cannot be applied for series that are integrated of order 2,
i.e., [(2) because the bounds testing cointegration approach
becomes invalid in this case (Ibrahim 2015; Rasheed et al.
2019, among others). To ensure that none of the underlying
variables is I(2), we first perform the ADF, PP, and KPSS
unit root tests (Dickey and Fuller 1979; Phillips and Perron
1988; Kwiatkowski et al. 1992). As illustrated in Table 3, the

2 For more information, see Pesaran and Shin (1998), Pesaran et al.
(2001), Narayan (2005), Ibrahim (2015), Meo et al. (2018a, b), and
Fareed et al. (2018), among others.
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Fig.3 Trends in RGDP, RGCF, REC, and ECI in Saudi Arabia from 2000Q1 to 2015Q4

outcomes of the ADF test show that the non-stationary prop-
erty of all variables, i.e., I(1), is checked in the level, with
intercept, as well as with trend and intercept, respectively.
In addition, the results confirm that none of the underlying
variables is I(2). For the PP test, the outcomes indicate that
all series are in a mixed order when considering intercept,
and trend and intercept assumptions, respectively. The same
conclusion holds for the results of the KPSS test when con-
sidering intercept and trend assumptions.

Otherwise, the results of the ADF, PP, and KPSS unit root
tests may be misleading, biased, and inconsistent due to the
existence of possible structural breaks in the data series (Per-
ron, 1989; Rappoport and Reichlin 1989; Narayan and Popp
2010, among others). To remedy this problem, we use the aug-
mented ADF-type unit root test of Narayan and Popp (2010)
which considers innovational outliers and assumes unknown
structural break dates. The main advantage of this test is that
its associated critical values (CVs) converge with increasing
sample size to the CVs when structural break dates are known.
Meanwhile, Narayan and Popp (2013) showed that Narayan
and Popp’s (2010) unit root test is superior to other conven-
tional and structural break unit root tests (e.g., Perron 1989,

1997; Zivot and Andrews 1992; Schmidt and Phillips 1992;
Lumsdaine and Papell 1997; Lee and Strazicich 2001, 2003,
2013; Popp 2008) since it has better size properties and high
power in accurately identifying the structural break dates.

The findings outlined in Table 4 show that the variables
are 1(0), assuming two unknown structural breaks in both the
level and slope of the trending series, respectively. As the
underlying variables examined in this study are integrated
in mixed order, the nexus between RGCF, REC, ECI, and
RGDP can be analyzed using the ARDL-type model. There-
fore, the ARDL/NARDL bounds tests (Pesaran et al. 2001;
Shin et al. 2014) can be applied reliably.

The key structural break dates are 2006Q2 and 2010Q3
for EG, 2004Q4 and 2007Q3 for RGCF, 2005Q3 and
2010Q3 for REC, and 2008Q3 and 2013Q1 for ECI. The
structural break date 2006Q2 may be linked with Saudi Ara-
bia’s capital market crash of 2006, also known as the “Black
February,” which was an important event in the economic
and political life of the Kingdom. Similarly, the structural
break date 2010Q3 refers to the period of the 2007-2010
global financial crisis, which has been considered the worst
crisis since the Great Depression of the 1930s.
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Table 2 Descriptive statistics

InRGDP InRGCF  InREC InECI
Minimum 11.7293 8.9424 5.1330 —3.3190
5% quantile 11.7371 8.9764 5.3191 —1.4800
Mean 11.8028 9.4888 5.5025 —0.9337
Median 11.8040 9.6981 5.5231 —0.9843
95% quantile 11.8592 9.8049 5.6539 -0.2419
Maximum 11.8829 9.8152 5.6585 0.0005
Std. dev 0.0429 0.3133 0.1269 0.5333
Skewness —0.0481 —-0.4943 —-04723 —1.2082
Kurtosis 1.7548 1.5459 2.6841 7.5572
Excess kurtosis —1.2452 —1.4541 —-0.3159 4.5572
JB 4.1596 8.2447**%  2.6458 70.9523%%%*
SwW 2.250%: 5.066%%* 3 826%***k 3 O] *H:k
Sw’ 1.804%: 4.564%k% 3 5] 7HkR 3 J5GH**
S/K 16.16%** 40.68%**  2.84 20.24%#3%%
IQR 0.0736 0.6018 0.2600 0.7306
Pseudo std. dev  0.0545 0.4461 0.1927 0.5416
10-Trim 11.8007 9.4277 5.5161 —0.8626
Observations 64 64 64 64

InRGDP InRGCF  InREC InECI
InRGDP 1.0000
InRGCF —0.5363*** 1.0000
InREC —0.6981*** (0.8575*** 1.0000
InECI —0.7433%** (.5563*** (0.8649*** 1.0000

JB denotes the Jarque—Bera test statistic. SW refers to the Shapiro—
Wilk W test for normal data. SW’ represents the Shapiro-Francia W’
test for normal data. S/K stands for skewness/kurtosis tests for nor-
mality. IQR denotes the inter-quartile range. Pseudo standard devia-
tion=1QR/1.349. 10% trim mean =average of cases between the 10th
and 90th percentiles ***p <0.01

“p<0.05
“p<0.1

Finally, we check for linearity or nonlinearity of the data
series before performing the regression models. We confirm
the nonlinearity pattern of the considered variables using the
BDS test for independence suggested by Brock et al. (1996).
The outcomes reported in Table 5 indicate that all the under-
lying variables are found to be nonlinearly dependent on all
embedding dimensions.

NARDL results

After performing unit root analysis, we proceed to the
asymmetric cointegration analysis based on the NARDL
specification. We use a general-to-specific modeling strat-
egy in selecting the suitable NARDL model, starting from
a maximum length of p = g = 4. We examine the potential
asymmetric long-run (cointegration) relationship between
the series using the t5,, test of Banerjee et al. (1998) and
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the Fpg test of Pesaran et al. (2001), suggested by Shin et al.
(2014). The results, outlined in Table 6, show that the values
of both the Fpg and t5),,, test statistics exceed the upper CVs
of the bounds calculated by Pesaran et al. (2001) at the 1%
significance level. Therefore, we conclude to the existence
of a valid asymmetric long-run relationship between RGCF,
REC, ECI, and RGDP in Saudi Arabia.

Additionally, we use a Wald-type test to capture both
long- and short-run asymmetries between the series. The
findings shown in Table 7 indicate that both the null hypoth-
eses of no asymmetry in both the long- and short-run coef-
ficients (H;, : 7 = By and HgR : 7:0 ﬂJTX = 7:0 Ty
respectively) are rejected for all variables. This finding indi-
cates that EG responds to all variables in an asymmetric and
nonlinear manner in both the long run and short run. Accord-
ingly, our empirical findings confirm the relevance of the
asymmetric NARDL model. Then, we analyze both the long-
and short-run estimates of the selected
NARDL(3,2,1,2,4,0,4) model with structural breaks, along
with diagnostic tests. The two break dummies (Dygp6 oo and
Dyp19,03) are incorporated in the NARDL model as fixed
regressors to account for break dates.

The findings reported in Table 8 show that the long-term
effect of a positive change in REC on RGDP is positive,
inelastic, but not significant. The estimated long-run coef-
ficient of lnRECtJr_ , is found to be 0.0122, suggesting that a
1% rise in REC will increase Saudi Arabia’s long-run EG
by 1.22%. This finding is consistent with the results of Lug-
man et al. (2019) and Abbasi et al. (2020) on the Pakistani
economy. However, it contradicts those of Baz et al. (2021)
who found a negative effect of positive shocks in REC on
Pakistani’s long-run EG. Therefore, any positive shock to
REC would stimulate growth and development in the econ-
omy of Saudi Arabia. In the long run, we also find that a
negative change in REC has a significant negative impact
on Saudi Arabia’s EG. The estimated long-run coefficient
of InREC,_ is found to be —2.4879, revealing that any fall
in REC will reduce Saudi Arabia’s long-run EG. This nega-
tive coefficient shows that any decrease in REC will hamper
Saudi Arabia’s long-run EG. Our results contradict those of
Lugman et al. (2019), Abbasi et al. (2020), and Baz et al.
(2021) who indicated that negative shocks in REC would
promote Pakistani’s long-run EG.

The sign of both positive and negative coefficients of
InREC,_, is not the same and different in magnitude (in terms
of absolute values), suggesting that REC has a significant
asymmetric impact on RGDP. In this regard, the government
authorities and policymakers should make big efforts to shift
to renewable energy sources to improve the growth of the
economy and to prevail over environmental degradation. In
this vein, they should start generating electricity from renew-
able resources and focus on installing the latest technologies
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Table 3 Results of conventional unit root tests

Variables ADF PP KPSS
Intercept Trend and intercept Intercept Trend and intercept Intercept Trend and intercept

Level

InRGDP 0.0507 —3.0643 -1.6783 —2.2930 0.6755%* 0.1137+*
(&) (&) (C)) @ Q) (©)

InRGCF —2.3444 —0.7670 —0.8806 —1.1407 0.8709%#* 0.2048%#*
(&) (&) “ “ Q) ©

InREC —0.8087 —3.0606 -2.9704 —4.2602%** 0.99427##* 0.0615%**
(&) (&) (&) (&) 6 (©)

InECI —0.0414 —1.8675 —4.5314%** —5.7666%** 0.9327+#%* 0.0990%**
ey ey (6)) (&) (&) (&)

First difference

AInRGDP —2.9707%* —3.6776%* —4.0933%** —4.0559%* 0.0622 0.0638
® ® @ @ “ @

AInRGCF —2.9851%* —3.6586%* —4.2404%** —4.2607*** 0.1974 0.1636%*
(C)) (C)) (C)) “ “ @

AInREC —4.1011%** —3.9814%* —4.5853%** —4.4798*** 0.2449 0.0782
(C)] (C)] 3 3 (C) @

AInECI —12.6860%*** —12.1548*** —11.1976%** —10.9269%** 0.2040 0.1303*
0 (V) “ 3 “ “

The unit root tests are performed on the log levels of the series. A refers to the first difference. For ADF, unit root test, the optimal lag length (in
parentheses) is chosen according to the smallest Schwarz information criterion (SIC). For both PP and KPSS tests, the bandwidth (in parenthe-
ses) is selected using the Newey-West Bartlett kernel

“p<0.01
“p<0.05
“p<0.1

Table 4 Results of Narayan and
Popp’s (2010) unit root test

Variables Model 1: break in level (intercept)

Model 2: break in level and trend (slope)

Ty Ty, ADF-stat k Ty Ty, ADF-stat k
Level
InRGDP 2004Q3 2008Q2 —4.831%* 8 2006Q2 2010Q3 —7.564%** 6
InRGCF 2009Q4 2010Q4 —-4.026* 7 2004Q4 2007Q3 —6.716%** 8
InREC 2005Q3 2010Q3 —9.107%** 5 2005Q3 2010Q3 —8.556%** 5
InECI 2002Q4 2010Q4 —4.209%* 2 2008Q3 2013Q1 —5.284%** 7
First difference
AInRGDP 2007Q4 2009Q4 —7.380%** 7 2007Q3 2009Q1 —7.422%** 7
AInRGCF 2008Q1 2011Q2 —9.553%*x* 3 2004Q3 2008Q3 —8.661%** 3
AInREC 2004Q4 2009Q4 —6.735%** 7 2004Q4 2009Q4 —7.125%** 7
AlnECI 2004Q2 2008Q4 —5.685%** 4 2004Q1 2008Q4 —6.179%** 3

Model 1 assumes two unknown structural breaks in the level of a trending series, while Model 2 assumes
two unknown structural breaks in the level and trend (slope) of a trending series. A denotes the first dif-
ference. Ty, and Ty, denote the first and second break dates endogenously selected. k is the lag length,
which is selected based on AIC. The respective critical values at 1%, 5%, and 10% are—4.958,—4.316,
and — 3.980 for Model 1; and —5.576,—4.937, and — 4.596 for Model 2

“p<0.01
“p<0.05
“p<0.1
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Table 5 Results of the BDS test

Variables/dimension m=2 m=3 m=4 m=>5 m=6
InRGDP 0.1632%* 0.2611%** 0.3167%** 0.3455%%* 0.3572%**
InRGCF 0.1974%%* 0.3347%* 0.4291 % 0.4929%* 0.5368%**
InREC 0.1985°%* 0.3338*#* 0.4260%* 0.4889%** 0.5316%**
InECI 0.0346%** 0.0681*** 0.1006%** 0.1320%** 0.1624%**
The reported values refer to the BDS test statistics. m denotes the embedding dimension
"p<0.01
“p<0.05
"p<0.1
Table 6 Results of asymrpetric/ Asymmetric test ~ Statistic L-B U-B Is there
symmetric boul?ds test with cointegra-
structural breaks tion?
10% 5% 1% 10% 5% 1%
Fpgg(nonlinear) 13.26027%** 2.12 2.45 3.15 323 3.61 443 Yes
tppy(nonlinear) —6.7499%** 257 —-2.86 —343 —4.04 —-438 —499 Yes

Fpgg and 5y, denote the F-bounds and 7-bounds cointegration test statistics. L-B and U-B represent lower
bounds and upper bounds, respectively

s

“p<0.01
“p<0.05
“p<0.1

Table 7 Results of long- and short-run asymmetry tests

Variable Wald statistic Is there
asymmetry?

L-R asymmetry S-R asymmetry L-R S-R

InRGFC 29.6659%** 3.3231%* Yes Yes
(0.0000) (0.0683)

InREC 24.6621%*** 27.1789%*%* Yes Yes
(0.0000) (0.0000)

InECI 19.9784%** 19.9066%** Yes Yes
(0.0000) (0.0000)

L-R and S-R denote the long run and short run, respectively. Num-
bers in parentheses are p-values. Values in parentheses are the prob-
ability values

*p<0.01
“p<0.05
“p<0.1

for energy efficiency. In addition, they should enable investors
in terms of licensing fees, creating companies, landing acquisi-
tions, and supplying connections to the grid.

Otherwise, positive shocks to RGCF have significant
negative effects on the long-run RGDP. This result suggests
that an increase in RGCF would hamper Saudi Arabia’s EG
in the long term. This result corroborates the findings of
Baz et al. (2021) who found a negative relationship between

@ Springer

positive shocks in RGCF and Pakistani’s long-term EG.
Alternatively, our results contradict those of Sahoo and Dash
(2009) and Shahbaz et al. (2017) for India, and Lugman et al.
(2019) for Pakistan, who noted the existence of a positive
association between positive shocks in RGCF and EG in the
long run. In this regard, both government and policymakers
should monitor the capital investments and promote poli-
cies designed to achieve the highest sustainable EG in the
long term. Alternatively, a negative shock to RGCF has a
significant positive effect on Saudi Arabia’s long-run RGDP.
Therefore, a decrease in RGCF would boost the long-run
EG in Saudi Arabia. This finding is consistent with those
of Shahbaz et al. (2017) on the Indian economy. It also cor-
roborates with the results of Lugman et al. (2019) and Baz
et al. (2021) on the Pakistani economy. It should be stressed
that a negative shock in RGCEF (i.e., a capital shortage) com-
bined with excess labor in some sectors of the economy may
harm the long-run EG. It is possible to avoid this situation
via good connectivity between the different sectors of the
economy by absorbing the labor abundance from one sector
to another sector for its production purposes. Such a solution
implies that a negative shock to RGCF may still generate a
positive effect on long-run EG in Saudi Arabia. Lastly, the
association between a positive/negative shock to the ECI and
RGDP is found to be negative, inelastic, and significant at
the 1% significance level. This finding suggests that any rise
in ECI will hamper Saudi Arabia’s long-run EG. Therefore,
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Table 8 NARDL long- and short-run results with structural breaks

Dependent vari- Coefficient Std. error  ¢-Statistic Probability
able:InRGDP

Long-run results

C 5.2854%#%  0.7682 6.8806  0.0000
InRGDP,_, —0.4260%**  0.0631 —6.7499  0.0000
lnRGCF;r_I —0.3088***  0.0456 —6.7782  0.0000
InRGCF_| 0.4828*#*  0.0919 52524 0.0000
lnREC::l 0.0122 0.0672 0.1817  0.8569
InREC,_, —2.4879%%*  0.4326 —5.7512  0.0000
1nEC1t+_1 —0.0634%**  0.0144 —4.4040  0.0001
InECI,_, —0.1904***  0.0324 —5.8729  0.0000
Short-run results

AInRGDP,_, 0.3190***  0.0812 3.9270  0.0004
AInRGDP,_, 0.1359* 0.0773 1.7586  0.0877
AlnRGCF:’ —0.1340%**  0.0410 —3.2701  0.0025
AlnRGCF:'_l 0.1015%**  0.0359 2.8276  0.0078
AInRGCF; 0.2230%**%  0.0712 3.1315  0.0036
AlnREC:’ 0.1462%* 0.0608 2.4048  0.0218
AlnRECtJ’_l —0.3393*%%  0.0621 —5.4655  0.0000
AInREC, 0.0767 0.1408 0.5448  0.5895
AInREC,_, 2.0283***%  0.2569 7.8954  0.0000
AInREC,_, 1.5517#*%%  0.2070 7.4968  0.0000
AInREC,_, 1.0654%*#  0.1674 6.3632  0.0000
AInECI; 0.0510%* 0.0218 2.3451  0.0250
AInECI_, 0.1160%***  0.0248 4.6857  0.0000
AInECI_, 0.1179*#%  0.0236 4.9856  0.0000
AInECT_, 0.1165%**  0.0235 4.9624  0.0000
D602 0.0450%***  0.0047 9.5336  0.0000
Dyo10,03 0.0069***  0.0023 2.9896  0.0052
ECT,_, —0.4260%**  0.0408 —10.4499  0.0000
Diagnostic tests

R? 0.8755

1_22 0.8194

F-statistic 15.6219%%* 0.0000
DW 1.9402

JB 1.2945 0.5235
BG 0.8307 0.6601
BPG 8.9769 0.9976
Harvey 30.6015 0.1656
Glejser 20.1031 0.6909
ARCH 0.0523 0.8192
Ramsey RESET 0.9630 0.3336
"p<0.01

“p<0.05

“p<0.1

The superscripts “+” and “—” refer to positive and negative partial

sums, respectively. A denotes the first difference operator. JB rep-
resents the Jarque-Bera test for normality (null hypothesis: The
residuals are normally distributed). R? and R denote the R-squared
and adjusted R-squared, respectively. DW stands for the Durbin-
Watson test statistic for autocorrelation in the residuals. BG refers to
the Breusch-Godfrey serial correlation LM test (null hypothesis: no
residual serial correlation). BPG (Breusch-Pagan-Godfrey), White,

Table 8 (continued)

Glejser, ARCH, and Harvey designate the Lagrange multiplier (LM)
tests for heteroskedasticity in the residuals (null hypothesis: the vari-
ance is homoscedastic). The Ramsey regression specification error
test (RESET) is a test for the model specification (null hypothesis:
the functional form of the model is valid). ECT,_, denotes the lagged
ECT

any policy in Saudi Arabia aiming at increasing the level of
ECI will not contribute to EG. Our findings contradict the
recent results of Zhu and Li (2017), Gozgor (2018), Dogan
et al. (2020), and Udeogu et al. (2021) who found that ECI
has a significant positive impact on long-term EG. As such,
policymakers and government authorities in Saudi Arabia
should consider ECI as an important factor in EG in the long
term. To do so, they should elaborate long-term strategies to
enhance innovation in goods and services through diversify-
ing exports and exporting high-tech products.

Turning now to the short-run analysis, the findings show
that a positive shock in REC is statistically significant,
inelastic, and positively linked to RGDP (a coefficient of
0.1462). This result indicates that a 1% increase in REC at
lag 0 will rise Saudi Arabia’s short-run EG by 14.62%. A
similar finding was obtained for Pakistan (Baz et al. 2021).
By contrast, the short-run effect of a positive shock in REC
on RGDP at lag 1 is negative, inelastic, and significant at the
1% level. This finding suggests that a 1% increase in REC at
lag 1 lowers EG by 33.93% in the short term. Similar results
were obtained for Pakistan (Lugman et al. 2019). As such,
any ignorance of REC may harm the EG of Saudi Arabia.
Based on this result, policymakers in Saudi Arabia should
introduce renewable energy technologies as a possible way
to control energy deficiency. On the other hand, we find that
negative shocks to REC in the previous periods (lags 0, 1,
2, and 3) are positively related to RGDP in the short term.
This outcome implies that any effort to decrease renewable
energy use in productive activities will stimulate and boost
Saudi Arabia’s EG in the short term. These findings con-
tradict those of Lugman et al. (2019) and Baz et al. (2021)
who found a negative correlation between negative changes
in REC and EG in Pakistan. Based on these results, we rec-
ommend that renewable energy has a motivating role in the
development of economic activities. As such, policymakers
and government should be vigilant in utilizing REC effi-
ciently in different production sectors through the appropri-
ate and effective channels.

Regarding the RGCEF, positive shocks have a significant
negative effect on RGDP in the very short term (a coef-
ficient of —0.1340 at lag 0). This finding corroborates with
the results of Baz et al. (2021), but it contradicts the findings
of Shahbaz et al. (2017) and Lugman et al. (2019). However,
a positive shock in RGCF in the previous period (lag 1)
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is positively associated with EG (a coefficient of 0.1015).
A reverse conclusion was drawn by Shahbaz et al. (2017),
Lugman et al. (2019), and Baz et al. (2021). Our empirical
results highlight the important role of capital use and its
contribution to the short-run EG since any positive shock to
RGCF in the previous period will hurt EG in the next period.
Otherwise, the relationship between a negative shock to the
RGCF and RGDP in the same period is found to be posi-
tive, inelastic, and statistically significant at the 1% level (a
coefficient of 0.2230). This result is also consistent with the
findings for Pakistan (Shahbaz et al. 2017; Lugman et al.
2019; Baz et al. 2021). In this regard, policymakers and
government should be cautious when planning a short-term
policy about capital investment.

Alternatively, negative changes in ECI increase RGDP
in the same period (coefficient of 0.051 at lag 0) as well
as in previous periods (coefficients of 0.116, 0.1179, and
0.1165 atlags 1, 2, and 3, respectively). Our results confirm
that ECI improves the short-run EG in Saudi Arabia. The
positive impacts of ECI on RGDP have been confirmed by
the results of prior studies such as Hausmann et al. (2007),
Agosin (2009), Hidalgo and Hausmann (2009), Hartmann
(2014), and Hartmann et al. (2016, 2017). Our findings are
also consistent with the recent results of Gozgor (2018) who
found that ECI is positively linked to EG for the USA in the
short term. Furthermore, our results are close to those of
Zhu and Li (2017) for 210 countries, where they have found
that an increase in ECI contributes to greater short-term EG.
On policy grounds, we suggest that government and poli-
cymakers in Saudi Arabia should promote the ECI since it
can prompt EG in the short term. Lastly, the results indicate
that the two-dummy variables (Dyy gp and Dy o3) have
significant positive impacts on EG (coefficients of 0.045 and
0.0069). This outcome indicates that the measures taken
by the government in the 2006s and 2010s have improved
domestic production and, in turn, EG.

Otherwise, the ECT is important in adjustments to the
equilibrium since it helps us to know how speedily variables
converge to equilibrium. The results show that the estimated
coefficient of ECT,_, is negative, inelastic, and statistically
significant at the 1% level. This coefficient also indicates
that the RGDP per worker in Saudi Arabia converges to
its long-run equilibrium by a speed of adjustment through
the channels of RGCF, REC, and ECI. The coefficient
of —0.4260 shows that 42.6% of the short-run deviations
from the long-run equilibrium are corrected in a quarter.
On the other hand, the adjustment speed is computed as the
inverse of the absolute value of the ECT. It represents, in
quarters, how long it takes for deviations from disequilib-
rium to return to equilibrium (Pao and Tsai 2010). In our
study, when there is a deviation from long-run equilibrium,
it can take approximately 2.35 quarters (i.e., 1/0.426) to
return to equilibrium.

@ Springer

From the empirical findings in Table 8, we also con-
clude that the NARDL model is well satisfactory since
approximately 82% (R” = 0.8194) of RGDP dynamics is
explained by RGCF, REC, and ECI. Additionally, we take
a look at residual diagnostics to approve the adequacy of
the selected NARDL model, such as residual normality,
serial correlation, heteroscedasticity, model specification,
and model stability. The results outlined in Table 6 pro-
vide evidence that the retained NARDL model appears to
be suitable since it does not suffer from any of the above
issues. The outcomes of the Breusch-Godfrey test as well
as the Durbin-Watson statistic indicate that the NARDL
model is free from serial correlation problems. Also, the
results of the ARCH and Breusch-Pagan-Godfrey tests
reveal the absence of conditional heteroskedasticity in the
residuals of the NARDL model. Moreover, the findings
of the Jarque—Bera test confirm the residual normality.
Besides, the Ramsey RESET test statistic is not statis-
tically significant, suggesting that the NARDL model
is correctly specified. Furthermore, the F-statistic fur-
ther confirms the appropriateness of the NARDL model
specification.

We further use both the cumulative sum (CUSUM) and
cumulative sum of squares (CUSUMSAQ) tests to examine
the stability of the regression. The results, displayed in
Fig. 4, show that the blue line lies within the 5% critical
boundaries, suggesting the stability of the estimated NARDL
model. Moreover, the estimated coefficient of InNRGDP,_ is
negative and statistically significant at the 1% level, which
also confirms the stability of the NARDL model.

Finally, we plot in Fig. 5 the asymmetric cumulative
dynamic multipliers which show the patterns of the dynamic
adjustment of RGDP to changes in RGCF, REC, and ECI
shocks from the initial equilibrium to the new long-run equi-
librium. Both positive and negative dynamic multipliers are
estimated based on the best-fitted NARDL model giving the
smallest AIC. They are represented by the thick and dot-
ted black lines. The positive and negative curves capture
the dynamic adjustment of RGDP to positive and negative
shocks of the underlying variables at a given forecast hori-
zon, respectively. In our paper, the cumulative multipliers
are carried out using 15 horizons that correspond to 15 quar-
ters. Note that the difference between the dynamic multipli-
ers related to positive and negative shocks, i.e., m; —-m,,
represents the asymmetric curve (strong dotted red line),
which is shown with its critical (lower and upper) bounds
(thin red lines) at a 95% bootstrap confidence interval.

As shown in Fig. 5, all the graphs validate the significant
asymmetric response of RGDP to shocks in RGCF, REC,
and ECI. The empirical findings disclose that the cumulative
effects of easing REC or a negative change in REC domi-
nate the cumulative effects of tightening REC or a positive
change in REC. In particular, the positive REC shocks have
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Fig.4 CUSUM and CUSUMSAQ plots of recursive residuals
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Fig.5 Cumulative effects of RGCF, REC, and ECI on EG in Saudi Arabia
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marginal positive effects on RGDP. However, the negative
REC shocks have greater positive effects on RGDP. These
findings reveal the existence of a negative nexus between
REC and RGDP in Saudi Arabia. Moreover, an overall posi-
tive association is observed between RGCF and RGDP. The
impact of a positive change in RGCF dominates that of a
negative change. Furthermore, an overall negative relation-
ship exists between ECI and RGDP in Saudi Arabia since
negative shocks in ECI dominate the positive shocks in
RGDP.

MT-NARDL results

Starting from the idea that the effects of the regressors may
differ from extremely low to extremely large changes, we
also employ the MT-NARDL model in our estimations. With
this model, we provide fresh evidence and a more robust
analysis of the preceding results. We firstly introduce two
thresholds, namely the 30th and 70th quantiles, to decom-
pose both REC and ECI variables into three partial sums.
Then, we decompose these variables into four partial sums.
The application of the MT-NARDL model is well justified
since the selected variables are found to achieve stationarity
in order, not beyond the first difference.

The estimation and diagnostic results of the two
thresholds NARDL model are reported in Table 9 based
on Eq. (23). Our empirical findings indicate that, in the
long run, changes in REC contribute significantly to EG
in Saudi Arabia. At the upper threshold, a 1% change in
REC decreases the RGDP by 1.0043%. However, at the
middle and lower thresholds, a proportionate change
in REC results in respectively 2.8432% and 0.1944%
increases in RGDP. Remarkably, the effects of REC on
RGDP are greater in the upper quantile than in the lower
quantile. This finding suggests that EG potentials through
the REC vanish at the lower threshold. Findings from the
two thresholds NARDL model also indicate that changes
in ECI contribute significantly to EG in Saudi Arabia by
reducing its RGDP at all threshold levels in the long run.
Interestingly, the impacts are found to be greater in the
lower quantile than in the upper quantile. This implies that
economic growth potentials of economic complexity fizzle
out at the upper threshold. Regarding the control variables,
the long-run coefficient of RGCF has a significant nega-
tive impact on EG in Saudi Arabia. A 1% change in RGCF
leads to a 0.1917% decrease in EG.

In the short run, the upper quantile of REC leads to
decreasing RGDP; however, such effect fizzles out at the
lower quantile. Furthermore, the results indicate that
changes in ECI at different periods significantly increase
Saudi Arabia’s EG at only the lower quantile in the short
run. Lastly, changes in RGCF result in significant negative
changes in RGDP at the current period, while their short-run
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impacts at lagged periods are found to be positive and sta-
tistically significant.

The Wald tests for asymmetry (W, and W) at panel
D from Table 9 provides strong evidence to reject the null
hypothesis of symmetry in both the long run and short run
for both REC and ECI variables. This implies that the effects
of REC and ECI on RGDP in Saudi Arabia are asymmetric
in both the long run and short run. The diagnostic tests in
the lower panel (panel E) from Table 9, including the nor-
mality, heteroscedasticity, serial correlation, and stability
tests, conform with the required standards, implying that
the estimates are robust. Otherwise, the adjusted coefficient
of determination Eecorded in the MT-NARDL model with
two thresholds (R = 72.3%) as against 81.94% recorded in
the standard NARDL model indicates that the latter model
still gives a better account of the relationship between the
variables.

We further decompose both REC and ECI variables
into quartile series (four partial sums) to probe for more
robust estimations. The empirical findings from two-quan-
tile decompositions are almost similar to that of quartile
decompositions (see Table 9). Notably, at the third (upper)
quantile, a change in REC contributes significantly to EG
in the long run. Specifically, a 1% change in REC at the 3rd
quartile leads to a 1.1077% increase in RGDP. The results
also indicate that in the long run, changes in ECI contribute
significantly to EG in Saudi Arabia by reducing its RGDP.
At both the lower and upper thresholds, a 1% change in ECI
leads to decreases in RGDP by —0.2752% and —0.2499%,
respectively. In particular, the impacts are greater in the
upper quartile than in the lower quartile. Moreover, the EG
potentials of ECI fizzle out at the lower threshold. Lastly,
the impact of RGCF on RGDP is found to be significantly
negative in the long run.

In the short run, the effects of REC on RGDP vary con-
siderably between positive and negative with the passage
of time and threshold. Notably, the most non-desirable
impact is recorded in the second quartile. A similar result
is observed for the short-run impacts of ECI on RGDP. In
particular, the most desirable effect is recorded in the first
quartile. Finally, the effects of RGCF on RGDP are vary-
ing in the short run.

The results of the Wald tests (W, and W) indicate that
the null hypothesis of symmetry fails to be accepted in both
the long run and short run for the ECI variable. Such find-
ings imply that the impact of ECI on RGDP in Saudi Arabia
is asymmetric in both time dimensions. However, the null
hypothesis fails to be rejected in the short run for the REC
variable. Therefore, the effects of REC on RGDP are found
to be symmetric in the short run, while they are asymmet-
ric in the long run. Besides, all post-estimation tests point
to a very robust analysis and prove the superiority of the
MT-NARDL model with three thresholds to the standard
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Table9 MT-NARDL long- and short-run results with structural breaks
Dependent variable:InRGDP MT-NARDL (two thresholds) MT-NARDL (three thresholds)

Coefficient Std. error t-Statistic Prob Coefficient Std. error t-Statistic Prob
Panel A: long-run results
C 6.2325% % 0.8182 7.6177 0.0000 11.2911%%* 0.9281 12.1654 0.0000
InRGDP,_, —0.3708*** 0.0863 —4.2965 0.0002 —0.7139** 0.2793 —2.5559 0.0378
InREC,_, (a)l) — 1.0043*** 0.3439 —2.9208 0.0068 —1.9841 1.2225 —1.6230 0.1486
InREC,_, (a)z) 2.8432%%* 1.1255 2.5262 0.0175 7.8450 19.9779 0.3927 0.7062
InREC,_, (a)3) 0.1944%%* 0.0889 2.1875 0.0372 —5.4352 3.8502 —1.4117 0.2009
InREC,_, (w4) - - - - 1.1077%* 0.4517 24521 0.0440
InECI,_, (601) —0.0466* 0.0229 —2.0326 0.0517 —0.2752% 0.1163 —2.3650 0.0500
InECI, (a)z) —0.2097*** 0.0502 —4.1818 0.0003 - - - -
InECI,_; (w,) - - - - 0.0411 0.3342 0.1229  0.9056
InECI,_, (cog) —0.0733%** 0.0240 —3.0528 0.0049 —0.0969 0.1564 —-0.6195 0.5552
InECI,_, (cu4) - - - - —0.2499%* 0.0997 —2.5059 0.0406
InRGCF,_, —0.1917%** 0.0433 —4.4298 0.0001 —0.2848*** 0.0485 —5.8664 0.0006
Panel B: short-run results
AInRGDP,_, 0.2963%** 0.1079 2.7447 0.0105 0.2762%** 0.0763 3.6217 0.0085
AInRGDP,_, 0.1716 0.1142 1.5031 0.1440  0.3185%** 0.0793 4.0149 0.0051
AInRGDP,_; 0.2770%* 0.1109 2.4973 0.0187  0.4983%** 0.0837 5.9516 0.0006
AInREC, (cu1 ) 0.2506 0.1934 1.2959 0.2056 —0.1241 0.1693 —0.7334 0.4871
AInREC,_, (wl ) 0.8348*** 0.2177 3.8341 0.0007 1.3583%*: 0.2027 6.7023 0.0003
AInREC,_, ((ul ) 0.4939%* 0.1927 2.5627 0.0161 0.9386°%** 0.1927 4.8704 0.0018
AInREC, 4 (wl ) - - - - 0.3467* 0.1579 2.1954 0.0642
AInREC, (wz) 0.7612 0.6039 1.2606 02179  7.2934 5.8776 1.2409 0.2546
AInREC,_, (wz) —1.7515%=* 0.6420 —2.7280 0.0109 —15.9197** 6.4843 —2.4551 0.0438
AInREC,_, (wz) —1.0401* 0.5974 —1.7411 0.0926 —27.3990%%*%* 7.5034 —-3.6515 0.0082
AInREC, 5 (coz) - - - - —15.9263** 5.9606 —-2.6719 0.0319
AInREC, (w3) 0.2443%** 0.0860 2.8400 0.0083 —0.6205 0.4392 —1.4129 0.2006
AInREC,_, (w3) —0.2341%** 0.0785 —2.9801 0.0059  3.4050%** 0.5436 6.2637 0.0004
AInREC,_, (w3 ) - - - - 1.7128%** 0.4202 4.0758 0.0047
AInREC, 4 (w3) - - - - 1.3021%** 0.4665 2.7915 0.0269
AInREC, (w4) - - - - 0.5464%*%* 0.1062 5.1447 0.0013
AInREC,_, (a)4) - - - - —0.2247%* 0.0809 —2.7770 0.0274
AInREC,_, (a)4) - - - - —0.6444%** 0.0939 —6.8646 0.0002
AInREC, 5 (w4) - - - - —0.2339%* 0.0767 —3.0491 0.0186
AInECI, (w1 ) 0.1067*** 0.0236 4.5206 0.0001 0.0259 0.0196 1.3248 0.2268
AInECI,_, (a)1 ) 0.0918*** 0.0317 2.9001 0.0072  0.3317*** 0.0351 9.4432 0.0000
AInECI,_, (a)1 ) 0.1178*** 0.0315 3.7414 0.0008  0.3431%** 0.0324 10.5976 0.0000
AInECI,_, (co1 ) 0.0928 %3 0.0270 3.4366 0.0019  0.2287*** 0.0254 9.0124 0.0000
AInECI, (w2) - - - - —0.4376%** 0.0660 —6.6316 0.0003
AInECI,_, (a)z) - - - - —0.4768%** 0.0773 —6.1708 0.0005
AlnECI,_, (a)z) - - - - —0.4752%** 0.0698 —6.8075 0.0003
AInECI, ;(w,) - - - - —0.1293* 0.0633 —-2.0417  0.0805
AlnECIt(co3) —0.0294 0.0178 —1.6540 0.1093 —0.1914%** 0.0333 —5.7394 0.0007
AInECI,_, (a)3) - - - - 0.0205 0.0419 0.4900 0.6391
AInECI,_, (a)3) - - - - —0.0621 0.0356 —1.7417 0.1251
AInECI,_, (a)3) - - - - 0.2077*** 0.0442 4.6962 0.0022
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Table 9 (continued)

Dependent variable:InRGDP MT-NARDL (two thresholds) MT-NARDL (three thresholds)

Coefficient Std. error t-Statistic Prob Coefficient Std. error t-Statistic Prob
AInECI, (w 4) - - - - —0.2465%** 0.0260 —9.4670 0.0000
AInECI,_, (a)4) - - - - 0.0119 0.0147 0.8087 0.4453
AInECI,_, (a)4) - - - - 0.1204%** 0.0178 7.2664 0.0002
AIECI,_, (w4) - - - - 0.1288**:* 0.0166 7.7450 0.0001
AInRGCF, —0.1329%** 0.0347 —3.8236 0.0007 —0.0492%* 0.0229 —2.1500 0.0686
AInRGCF,_, 0.0859%* 0.0360 2.3883 0.0239 0.1704%** 0.0255 6.6815 0.0003
AInRGCF,_, 0.0670* 0.0360 1.8604 0.0734  0.0541 0.0291 1.8548 0.1060
AInRGCF,_, 0.0628* 0.0329 1.9067 0.0669 0.0869%** 0.0241 3.6055 0.0087
Dyoo6.02 0.0367%** 0.0055 6.6293 0.0000  0.0001 0.0017 0.0394 0.9697
Diyp10.03 —0.0029 0.0032 -0.9134 0.3688 —0.0118*** 0.0027 —4.4110 0.0031
ECT,_, —0.3708 % 0.0487 —7.6166 0.0000 —0.7139%*: 0.0587 —12.1575 0.0000
Panel C: bounds tests for cointegration
Fpgq 5.801 2% - - - 6.4664% - - -
teom —7.6166%*% - - - —12.1575%%* - - -
Panel D: tests for long- and short-run asymmetries
Wflfc 15.0166%%** - - 0.0005 6.6160* - - 0.0852
W?Ifc 11.4723%%* - - 0.0032  0.7261 - - 0.8671
ngl 15.8048** - - 0.0270  26.2856** - - 0.0351
Wﬁf’ 15.0650%%*%* - - 0.0000  59.5514%%*%* - - 0.0000
Panel E: diagnostic tests
R? 0.8329 - - - 0.9766 - - -
1_62 0.7230 - - - 0.9152 - - -
F-statistic 7.5824% %% - - 0.0000 15.9098**%* - - 0.0000
Durbin-Watson stat 1.7753 - - 2.9884 - -
JB 1.3953 - - 0.6321 1.7630 - - 0.7634
BG 1.6429 - - 0.4398 1.2292 - - 0.3401
BPG 18.5248 - - 0.9494  51.8628 - - 0.4400
Harvey 33.0657 - - 0.3197 50.9737 - - 0.4747
Glejser 21.2443 - - 0.8801 51.5484 - - 0.4522
ARCH 0.0565 - - 0.8121 0.0627 - - 0.8231
CUSUM S - - - S - - -
CUSUMSQ S - - - S - - -

Panels A and B provide the estimates of both long- and short-run dynamic effects of the MT-NARDL model with two and three thresholds,
respectively. ECT denotes the error correction term, which reflects the speed of equilibrium adjustments. The delta sign (A) is the difference
operator, suggesting the short-run dynamic effects

Panel C shows the results of the bounds tests of cointegration for each model. Panel D displays the long- and short-run asymmetry of both REC
and ECI variables for each mggel through the Wald test statistics (W;; and Wg). Panel E presents the other post-estimation diagnostic tests
including the R% and adjusted R for the model’s goodness of fit, the F-statistic, the Breusch-Godfrey (BG) serial correlation LM test, the hetero-
scedasticity tests (ARCH, Breusch-Pagan-Godfrey (BPG), Harvey, and Glejser), and the CUSUM and CUSUMSAQ tests for model stability. The
capital letters S and U signify stable and unstable CUSUM and CUSUMSAQ graphs, respectively

“*Significance level and rejection of the null hypothesis at a 1% level
*“Significance level and rejection of the null hypothesis at a 5% level

“Significance level and rejection of the null hypothesis at a 10% level

NARDL model. This dominance is confirmed by comparing  in the first two models. This further proves the superior-
the values of Ez recorded in both models. Comparatively, the ity of the quartile decomposed series to the two quantile-
goodness of fits recorded in the MT-NARDL model with ~ decomposed series and the single threshold ARDL models.
three thresholds is found to be stronger than those recorded
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Table 10 Test statistics to NARDL MT-NARDL-2 MT-NARDL-3 thresholds  Strength of relationship
determine the strength of the
. : X thresholds
cointegrated relationship
Fpgg 13.2602%** 5.8012%#* 6.4664%** Very strong
tepm —6.7499%** —7.6166%*%* —12.1575%%%* Very strong
F-statistic 15.6219%** 7.5824%** 15.9098*** Very strong

Source: Authors’ calculation
““Significant at 1%
*Significant at 5%
*Significant at 10%

To sum up, we collect the results for the standard NARDL
and MT-NARDL models with both two and three thresholds
in Tables 10 and 11. Regarding Tables 8 and 9, all Fpgq,
tspy» and F-statistics, used for testing the cointegrated rela-
tionships, are tabulated in Table 10. The cointegration rela-
tionship between the underlying variables is confirmed to be
held for Saudi Arabia.

In Table 11, we also capture all W, , and W, values from
Tables 7 and 9 to compare the strength of asymmetry both
in the long run and short run. The nulls of symmetry are
rejected for both REC and ECI variables in the long run,
implying strong asymmetric transmission between REC,
ECI, and RGDP changes. In the short run, the nulls of no
asymmetry are rejected at the 1% level for the ECI variable,
implying strong asymmetric transmission between EG and
ECI changes. Nevertheless, the asymmetric effect between
REC and EG is found to be weak.

Causality analysis

In this sub-section, we apply both the symmetric and asym-
metric bootstrap Granger causality tests suggested by Hacker
and Hatemi-J (2006, 2012) and Hatemi-J (2012), respec-
tively. The findings displayed in Table 12 show evidence
of a neutral effect in symmetric analysis between REC and
RGDP. This finding indicates that REC does not hamper
Saudi Arabia’s economy since fossil fuel energy sources
have a greater share in Saudi Arabia’s energy mix. It cor-
roborates with the results of Bulut and Muratoglu (2018)
and Baz et al. (2021) for Turkish and Pakistani economies,

respectively. A similar neutral effect is observed for ECI and
EG in symmetric causality analysis, revealing that ECI has
no role in Saudi Arabia’s economy. Table 12 also reports
that RGCF does not Granger cause RGDP in Saudi Ara-
bia. This result is consistent with the findings of Bulut and
Muratoglu (2018) on the Turkish economy. However, our
findings contradict the results of Shahbaz et al. (2017) and
Baz et al. (2021) who found respectively bidirectional and
unidirectional causal relationships between EG and capital
use in Pakistan.

To examine the potential asymmetric causal nexus
between EG and the remaining series, we utilize Hatemi-
J’s (2012) test. The findings summarized in Table 12
indicate that the asymmetric causality between positive
shocks in REC and RGDP is not significant. Therefore,
the underlying relationship seems to be neutral since
increasing RGDP does not depend on positive shocks
to REC, and vice versa. Similarly, a negative shock in
REC does not Granger cause a negative shock in RGDP.
Accordingly, the asymmetric causal linkage between
RGDP and REC in Saudi Arabia is neutral. Our findings
support the results of Bulut and Muratoglu (2018) who
showed that neither positive shocks nor negative shocks
in REC Granger cause the corresponding positive and
negative shocks in Turkish EG. However, our results
contradict the findings of Baz et al. (2021) who found a
feedback effect between REC and Pakistani EG for posi-
tive shocks.

Regarding the causal relationship between RGDP and
capital use, we find a neutral causal effect between positive/

Table 11 Test statistics to determine the asymmetry strength in the long run and short run

Long run Short run
NARDL MT- MT- Strength of NARDL MT- MT- Strength of asymmetry
NARDL-2 NARDL-3 asymmetry NARDL-2 NARDL-3
thresholds thresholds thresholds thresholds
WREC — 24.6621%#*  15.0166%** 6.616* Strong 27.1789%%%  11.4723%%* 0.7261 Weak
WECE  19.9784%*#* 158048 26.2856%** Strong 19.9066***  15.065%** 59.5514%%*%* Very strong

Note: Significant at 1% (***), 5% (**), and 10% (*). Source: Authors’ calculation
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Table 12 Results of symmetric and asymmetric causality tests

Null hypothesis W stat Lag length Bootstrap CV 1% Bootstrap CV 5% Bootstrap CV  Decision
10%
Panel A: Hacker and Hatemi-J (2006, 2012) symmetric causality test
InRGDP # InRGFC 3.188 2 29.032 7.616 4.949 Fail to reject
InRGFC # InRGDP 2.146 2 25.787 6.993 4.485 Fail to reject
InRGDP # InREC 1.722 2 31.689 7.247 4.431 Fail to reject
InREC # InRGDP 1.315 2 25.636 6.729 4.407 Fail to reject
InRGDP # InECI 2.000 2 29.659 6.846 4.447 Fail to reject
InECI # InRGDP 0.088 2 26.374 6.699 4.452 Fail to reject
Panel B: Hatemi-J (2012) asymmetric causality test
InRGDP* % InRGFC* 0.471 2 45.490 7.885 4.335 Fail to reject
InRGFC* # InRGDP* 0.201 2 40.655 7.748 4.438 Fail to reject
InRGDP™ # InRGFC~ 0.029 2 37.738 6.788 4.221 Fail to reject
InRGFC™ # InRGDP~ 0.088 2 41.581 6.842 4.094 Fail to reject
InRGDP* # InREC* 1.263 2 40.570 7.644 4.122 Fail to reject
InREC* # InRGDP* 0.310 2 43.633 8.199 4.687 Fail to reject
InRGDP~ # InREC™ 0.004 1 16.591 3.571 2.053 Fail to reject
InREC™ # InRGDP~ 0.028 1 16.861 3.806 2.190 Fail to reject
InRGDP* # InECI* 3.538 2 42.018 7.381 4.145 Fail to reject
InECI* # InRGDP* 0.027 2 37.471 7.165 4.466 Fail to reject
InRGDP™ # InECI™ 0.005 2 41.040 6.939 4.452 Fail to reject
InECI™ #& InRGDP~ 1.448 2 40.642 7.061 4.210 Fail to reject

# indicates no causality. Bootstrap CV stands for the critical value. W stat designates the test value. The optimal lag selection is based on

Hatemi-J Criterion (HJC)
"p<0.01

“p<0.05

“p<0.1

negative shocks in RGDP and RGCF. Such a finding has
also been drawn by Shahbaz et al. (2017) and Bulut and
Muratoglu (2018). Finally, the asymmetric causal hypothesis
reveals no significant relationship between positive shocks
to ECI and RGDP. Similarly, no causality is found between
negative shocks to ECI and RGDP. These results suggest a
neutral causal effect of ECI on RGDP in Saudi Arabia.

Conclusions and policy implications

To the best of our knowledge, this is the first empirical study
that examined the asymmetric effects of ECI on the relation-
ship between REC and EG in Saudi Arabia. For this purpose,
we firstly used the conventional NARDL approach which
captures the potential asymmetric effects of the considered
variables on EG in Saudi Arabia. Preliminary results indi-
cate that EG reacts to all considered independent variables
in an asymmetric and nonlinear manner in both the short
run and long run, thus validating the appropriateness of the
asymmetric NARDL model. Besides, our empirical findings
show that the short- and long-run effects of a positive chock

@ Springer

in REC on EG significantly differ from both the short- and
long-run effects of a negative chock. This outcome is not
consistent with the impact of ECI. In the long run, both
positive and negative shocks in ECI have significant nega-
tive effects on EG. However, EG is only influenced by the
negative shock in ECI in the short run. Furthermore, the size
of the impact of a positive change in both REC and ECI is
found to be higher than the effect of a negative shock in the
long term.

In a second step, we used an advanced technique like the
MT-NARDL model (Pal and Mitra 2015, 2016). Compared
to traditional NARDL, which decomposes the regressor to
a positive and negative partial sum, the MT-NARDL takes
into account the short-run and long-run effects of extremely
large-to-moderate changes in regressors on the dependent
variable. We split both REC and ECI changes into three
and four partial sums to yield exact evaluations and more
detailed outcomes. The empirical findings from the best
MT-NARDL model support a very strong cointegration
relationship between the underlying variables. In the long
run, the asymmetric effect between ECI, REC, and EG is
found to be strong. Changes in ECI contribute significantly
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to EG, with the effects being particularly bigger in the upper
quartile than in the lower quartile. However, in the short
run, the asymmetric effect is very strong while consider-
ing the ECI variable, while it is found weaker with REC.
The effects of both REC and ECI on EG vary considerably
between positive and negative over time and threshold. The
most undesirable effect of REC is recorded in the second
quartile, while the most desirable impact of ECI is recorded
in the first quartile.

Lastly, we extended the analysis to the symmetric/asym-
metric causality nexus of REC, ECI, and EG by exploring
these relationships in Saudi Arabia. The results derived from
the symmetric Bootstrap Granger causality test (Hacker and
Hatemi-J 2006, 2012) approve the existence of a neutrality
hypothesis between EG and REC as well as between EG and
ECI. These results reveal no role of both REC and ECI in
Saudi Arabia’s economy. The same conclusion was drawn
when using the asymmetric Bootstrap Granger causality test
(Hatemi-J 2012).

The empirical findings of this study reveal some impor-
tant policy implications. For Saudi Arabia, investing in
renewable energy is a long-term strategic initiative sup-
porting the Kingdom’s vision of 2030. Such a strategy will
make it possible to produce affordable, safe, and sustain-
able energy, which will contribute to promoting sustain-
able development in the long term. However, Saudi Arabia
is still highly dependent on oil resources, which reveals
the need to change the direction of financing to renew-
able energy producers to increase the share of renewable
energy in the global energy mix. Saudi Arabia plans to
invest approximately 380 billion riyals ($101 billion) in
renewable energy projects and another 142 billion riyals
in energy distribution until 2030. Also, Saudi Arabia aims
for 50% renewable energy by 2030 and backs a huge tree-
planting initiative. Policymakers should promote the diver-
sification of Saudi Arabia’s energy mix since it will reduce
the Kingdom’s dependence on oil and its greenhouse gas
emissions. Moreover, such an action will allow job crea-
tion and catalyze economic development, supporting the
Kingdom’s long-term prosperity in line with Vision 2030’s
goals. Policymakers should also promote the creation of
a new renewable energy technology industry and support
the build-up of this promising sector through harnessing
private sector investment and encouraging public—private
partnerships. Finally, investment in renewable energy
sources should also be encouraged to address the chal-
lenges of environmental degradation and the depletion of
traditional sources of energy.

The results presented in this study indicate that ECI
enhances EG in Saudi Arabia. Otherwise, they offer a new
dimension for Saudi Arabia to promote its economic devel-
opment. Particularly, given that ECI hurts the long-run
income changes, policymakers should have a long-term

vision by making long-run strategies aimed at inventing
(or producing) new goods and services. Nevertheless, this
does not mean that the government should change its cur-
rent industrial (production) policy. Instead, policymakers
should construct their strategies based on the current avail-
able productive capabilities in the economy. When build-
ing these long-term strategies, the country must maintain
and improve the positive short-term impact of ECI so that
its long-term impact can be felt. Moreover, the country
must realize that it may take a lot of time for the system to
return to its equilibrium, especially when there is a shock in
the long-term relationship. Therefore, there exists a slight
trade-off when choosing between the short term and the
long term. However, as our findings suggest, the best way
to achieve prosperity and development is to take advantage
of ECI in the short run and try to enhance it in the long run.

Our empirical study has some limitations that should be
recognized but also identifies promising avenues for future
research. First, because some reference variables were unavail-
able before 2000 and after 2015, the period used in this study
was limited to only 16 years. Future research should employ a
larger data set with a longer period and re-test the validity of
our results. Second, future research should consider the effects
of disaggregated measures of renewable energy on EG. Third,
future studies may incorporate the environmental degrada-
tion caused by EG. The main research question needing more
investigation is how the EG resulting from REC and ECI may
impact the environment and Saudi Arabia’s commitment to
the Paris Agreement (COP21). Finally, in the current work, we
investigated only one dimension of ECI. Future works should
examine other dimensions of ECI such as ECI+ (Nguyen et al.
2021) and i-ECI (Lybbert and Xu, 2022).

Acknowledgements This work was funded by the University of Jed-
dah, Jeddah, Saudi Arabia, under grant No. (UJ-21-DR-133). The
authors, therefore, acknowledge with thanks the University of Jeddah
for its technical and financial support. The authors would also like to
express their greatest thanks to the editor and anonymous referees for
their helpful comments and suggestions. However, the responsibility
for the views expressed as well as any errors or omissions is borne by
ours.

Author contribution Dr. Zouheir Mighri wrote the “Methodology” sec-
tion, interpreted the data analysis part, and formatted the paper as per
journal requirements.

Dr. Majid Ibrahim Alsaggaf completed the “Introduction” and “Lit-
erature review” sections and wrote the conclusion and abstract parts.

Data availability The data is available on request from the correspond-
ing author.

Declarations

Ethics approval and consent to participate This study did not use any
kind of human participants or human data, which requires any kind
of approval.

@ Springer



7470

Environmental Science and Pollution Research (2023) 30:7446-7473

Consent for publication Our study did not use any kind of individual
data such as videos and images.

Competing interests The authors declare no competing interests.

References

Abbasi K, Jiao Z, Shahbaz M, Khan A (2020) Asymmetric impact
of renewable and non-renewable energy on economic growth in
Pakistan: new evidence from a nonlinear analysis. Energy Explor
Exploit 38(5):1946-1967

Abdon A, Felipe J (2011) The product space: what does it say about
the opportunities for growth and structural transformation of Sub-
saharan Africa? (Levy Economics Institute Working Paper Archive
No, wp_670. https://ideas.repec.org/p/lev/wrkpap/wp_670.html.

Agosin MR (2009) Export diversification and growth in emerging
economies. CEPAL Rev 97:115-131

Apergis N, Payne JE (2010a) Renewable energy consumption and
growth in Eurasia. Energy Econ 32(6):1392-1397

Apergis N, Payne JE (2010b) Renewable energy consumption and eco-
nomic growth: evidence from a panel of OECD countries. Energy
Pol 38(1):656-660

Apergis N, Payne JE (2011b) The renewable energy consumption—
growth nexus in Central America. Appl Energy 88:343-347

Apergis N, Payne JE (2012b) Renewable and non-renewable energy
consumption-growth nexus: evidence from a panel error correc-
tion model. Energy Econ 34(3):733-738

Azlina AA, Law SH, Mustapha NHN (2014) Dynamic linkages among
transport energy consumption, income, and CO, emission in
Malaysia. Energy Pol 73:598-606

Balsalobre SJP, Verduras CL, Lanchas JD (2017) Measuring the eco-
nomic complexity at the subnational level using international and
interregional trade (Autonomous University of Madrid)

Banerjee A, Dolado J, Mestre R (1998) Error-correction mechanism
tests for cointegration in a single-equation framework. J Time
Ser Anal 19:267-283

Baz K, Cheng J, Xu D, Abbas K, Ali I, Ali H, Fang C (2021) Asym-
metric impact of fossil fuel and renewable energy consump-
tion on economic growth: a nonlinear technique. Energy
226:120357. https://doi.org/10.1016/j.energy.2021.120357

Bilgili F (2015) Business cycle co-movements between renewables
consumption and industrial production: a continuous wavelet
coherence approach. Renew Sustain Energy Rev 52:325-332

Bowden N, Payne JE (2010) Sectoral analysis of the causal rela-
tionship between renewable and non-renewable energy con-
sumption and real output in the US. Energy Sources Part B
5:400-408

Brady GL, Magazzino C (2018) The relationship among renewable
energy, economic growth, labor and capital formation in Italy.
Rivista Studi Sulla Sostenibilita 1:35-48

Brini R, Amara M, Jemmeli H (2017) Renewable energy consumption,
international trade, oil price and economic growth inter-linkages:
the case of Tunisia. Renew Sustain Energy Rev 76:620-627

Brock W, Dechert W, Scheinkman J, LeBaron B (1996) A test for
independence based on the correlation dimension. Economet
Rev 15:197-235

Buccellato T, Coro G (2020) Capitalism, global change and sustainable
development. Springer Proceedings in Business and Economics.
https://doi.org/10.1007/978-3-030-46143-0

Bulut U, Muratoglu G (2018) Renewable energy in Turkey: great poten-
tial, low but increasing utilization, and an empirical analysis on
renewable energy-growth nexus. Energy Pol 123:240-250

@ Springer

Bustos S, Gomez C, Hausmann R et al (2012) The dynamics of nested-
ness predicts the evolution of industrial ecosystems. PLoS One
7:¢49393

Caldarelli G, Cristelli M, Gabrielli A, Pietronero L, Scala A, Tac-
chella A (2012) A network analysis of countries’ export flows:
firm grounds for the building blocks of the economy. PLoS One
7(10):e47278. https://doi.org/10.1371/journal.pone.0047278

Can H, Korkmaz O (2019) The relationship between renewable energy
consumption and economic growth: the case of Bulgaria. Int J
Energy Sect Manage 13:573-589

Cevik EI, Yildinnm DC, Dibooglu S (2020) Renewable and non-
renewable energy consumption and economic growth in the US:
a Markov-Switching VAR analysis. Energy Environ. https://doi.
org/10.1177/0958305X20944035

Chavez JC, Mosqueda MT, Gémez-Zaldivar M (2017) Economic
complexity and regional growth performance: evidence from
the Mexican economy. Rev Reg Stud 47:201-219

Coniglio ND, Lagravinese R, Vurchio D (2016) Production sophisticat-
edness and growth: evidence from Italian provinces before and
during the crisis, 1997-2013. Camb J Reg Econ Soc 9:423-442

Conti J, Holtberg P, Diefenderfer J, LaRose A, Turnure JT, Westfall L
(2016) International Energy Outlook 2016 With Projections to
2040. United States: N., p 2016. Web. https://doi.org/10.2172/
1296780

Cristelli M, Tacchella A, Pietronero L (2015) The heterogeneous
dynamics of economic complexity. PLoS One 10:e0117174

Dickey DA, Fuller WA (1979) Distribution of the estimators for autore-
gressive time series with a unit root. ] Am Stat Assoc 74:427-431

Dogan B, Balsalobre-Lorente D, Nasir MA (2020) European commit-
ment to COP21 and the role of energy consumption, FDI, trade
and economic complexity in sustaining economic growth. J Envi-
ron Manage 273:111146

Dogan E (2015) The relationship between economic growth and elec-
tricity consumption from renewable and non-renewable sources:
a study of Turkey. Renew Sustain Energy Rev 52:534-546

Domini G (2022) Patterns of specialisation and economic complexity
through the lens of universal exhibitions, 1855-1900. Explor
Econ Hist 83:101421

Du K, O’Connor A (2021) Examining economic complexity as a holis-
tic innovation system effect. Small Bus Econ 56(1):237-257

Ewing BT, Sari R, Soytas U (2007) Disaggregate energy consump-
tion and industrial output in the United States. Energy Pol
35(2):1274-1281

Fan W, Hao Y (2020) An empirical research on the relationship
amongst renewable energy consumption, economic growth
and foreign direct investment in China. Renew Energy
146(C):598-609

Fang Y (2011) Economic welfare impacts from renewable energy
consumption, the China experience. Renew Sustain Energy
Rev 15(9):5120-5128

Fareed Z, Meo MS, Zulfigar B, Shahzad F, Wang N (2018) Nexus
of tourism, terrorism, and economic growth in Thailand: new
evidence from asymmetric ARDL cointegration approach. Asia
Pac J Tourism Res 23:1129-1141. https://doi.org/10.1080/
10941665.2018.1528289

Felipe J, Kumar U, Abdon A, Bacate M (2012) Product complex-
ity and economic development. Struct Change Econ Dyn
23(1):36-68. https://doi.org/10.1016/j.strueco.2011.08.003

Ferrarini B, Scaramozzino P (2016) Production complexity, adapta-
bility and economic growth. Struct Chang Econ Dyn 37:52-61

Gao J, Zhou T (2018) Quantifying China’s regional economic com-
plexity. Physica A 492(15):1591-1603. https://doi.org/10.
1016/j.physa.2017.11.084

Ghosh S, Kanjilal K (2020) Non-fossil fuel energy usage and eco-
nomic growth in India: a study on non-linear co-integration,
asymmetry and causality. J Clean Prod 273:123032


https://ideas.repec.org/p/lev/wrkpap/wp_670.html
https://doi.org/10.1016/j.energy.2021.120357
https://doi.org/10.1007/978-3-030-46143-0
https://doi.org/10.1371/journal.pone.0047278
https://doi.org/10.1177/0958305X20944035
https://doi.org/10.1177/0958305X20944035
https://doi.org/10.2172/1296780
https://doi.org/10.2172/1296780
https://doi.org/10.1080/10941665.2018.1528289
https://doi.org/10.1080/10941665.2018.1528289
https://doi.org/10.1016/j.strueco.2011.08.003
https://doi.org/10.1016/j.physa.2017.11.084
https://doi.org/10.1016/j.physa.2017.11.084

Environmental Science and Pollution Research (2023) 30:7446-7473

7471

Gozgor G (2018) A new approach to the renewable energy-growth
nexus: evidence from the USA. Environ Sci Pollut Control Ser
25(17):16590-16600

Gyimah J, Yao X, Tachega MA, Hayford IS, Opoku-Mensah E
(2022) Renewable energy consumption and economic growth:
new evidence from Ghana. Energy 248:123559. https://doi.org/
10.1016/j.energy.2022.123559

Gylfason T, Zoega G (2006) Natural resources and economic growth:
the role of investment. World Econ 29(8):1091-1115

Granger CWJ, Yoon G (2002) Hidden cointegration. University of
California, Mimeo, San Diego

Hacker RS, Hatemi-J A (2006) Tests for causality between integrated
variables using asymptotic and bootstrap distributions: theory
and application. Appl Econ 38(13):1489-1500

Hacker S, Hatemi-J A (2012) A bootstrap test for causality with
endogenous lag length choice: theory and application in
finance. J Econ Stud 39(2):144-160

Hartmann D (2014) Economic complexity and human development:
how economic diversification and social networks affect human
agency and welfare. Routledge, New York

Hartmann D, Guevara MR, Jara-Figueroa C, Aristaran M, Hidalgo
CA (2017) Linking economic complexity, institutions, and
income inequality. World Dev 93:75-93. https://doi.org/10.
1016/j.worlddev.2016.12.020

Hartmann D, Jara-Figueroa C, Guevara M, Simoes A, Hidalgo CA
(2016) The structural constraints of income inequality in Latin
America. Int Trade J 40:70-85

Hatemi-J A (2003) A new method to choose optimal lag order
in stable and unstable VAR models. Appl Econ Lett
10(3):135-137

Hatemi-J A (2008) Forecasting properties of a new method to choose
optimal lag order in stable and unstable VAR models. Appl
Econ Lett 15(4):239-243

Hatemi-J A (2012) Asymmetric causality tests with an application.
Empir Econ 43:447-456

Hausmann R, Hwang J, Rodrik D (2007) What you export matters.
J Econ Growth 12:1-25

Hausmann R, Hidalgo CA (2010) Country Diversification, Product
Ubiquity, and Economic Divergence. HKS Faculty Research
Working Paper Series RWP10-045, John F. Kennedy School of
Government, Harvard University

Hausmann R, Hidalgo CA (2011) The network structure of economic
output. J Econ Growth 16(4):309-342

Hausmann R, Hidalgo CA, Bustos S, Coscia M, Chung S, Jemenez J,
Simoes A, Yidirim MA (2011) The atlas of economic complex-
ity. MIT Press, Cambridge

Hausmann R, Hidalgo CA, Bustos S, Coscia M, Simoes A, Yildirim
MA (2014) The atlas of economic complexity: mapping paths to
prosperity. MIT Press, Cambridge, MA

Hidalgo CA, Hausmann R (2009) The building blocks of economic
complexity. Proc Natl Acad Sci 106(26):10570-10575. https://
doi.org/10.1073/pnas.0900943106

Hidalgo CA, Klinger B, Barabasi A-L, Hausmann R (2007) The
product space conditions the development of nations. Science
317(5837):482—-487. https://doi.org/10.1126/science.1144581

Ibrahim MH (2015) Oil and food prices in Malaysia: a nonlinear ARDL
analysis. Agric Food Econ 2015:3. https://doi.org/10.1186/
s40100-014-0020-3

Inglesi-Lotz R, Dogan E (2018) The role of renewable versus non-
renewable energy to the level of CO, emissions a panel analysis
of sub-Saharan Africa’s Big 10 electricity generators. Renewable
Energy 123:36-43

Ivanovski K, Hailemariam A, Smyth R (2021) The effect of renewable
and non-renewable energy consumption on economic growth:
non-parametric evidence. J Clean Prod 286:124956. https://doi.
org/10.1016/j.jclepro.2020.124956

Jafri MAH, Liu H, Usman A, Khan QR (2021) Re-evaluating the asym-
metric conventional energy and renewable energy consumption-
economic growth nexus for Pakistan. Environ Sci Pollut Res
28:37435-37447

Kahia M, Aissa MSB, Lanouar C (2017) Renewable and non-renewable
energy use-economic growth nexus: the case of MENA Net Oil
Importing Countries. Renew Sustain Energy Rev 71:127-140

Kahia M, Ben Aissa MS, Charfeddine L (2016) Impact of renewable
and non-renewable energy consumption on economic growth:
new evidence from the MENA Net Oil Exporting Countries
(NOECs). Energy 116:102-115

Kemeny T, Storper M (2014) Is specialization good for regional eco-
nomic development? Reg Stud 49(6):1003—1018. https://doi.org/
10.1080/00343404.2014.899691

Khoie R, Ugale K, Benefield J (2019) Renewable resources of the
northern half of the United States: potential for 100% renewable
electricity. Clean Technol. Environ Pol 21:1809-1827

Kraft J, Kraft A (1978) On the relationship between energy and GNP.
J Energy Dev 3(2):401-403

Kwiatkowski D, Phillips PCB, Schmidt P, Shin Y (1992) Testing the
null hypothesis of stationarity against the alternative of a unit
root. J Econom 54:159-178

Lapatinas A (2019) The effect of the Internet on economic sophistica-
tion: an empirical analysis. Econ Lett 174:35-38

Lee J, Strazicich MC (2001) Break point estimation and spurious rejec-
tions with endogenous unit root tests, Oxford Bull. Econ Stat
63(5):535-558

Lee J, Strazicich MC (2003) Minimum Lagrange multiplier unit root
test with two structural breaks. Rev Econ Stat 85(4):1082-1089

Lee J, Strazicich MC (2013) Minimum LM unit root test with one struc-
tural break. Economics Bulletin, Access Econ 33(4):2483-2492

Lin B, Moubarak M (2014) Renewable energy consumption — eco-
nomic growth nexus for China. Renew Sustain Energy Rev
40:111-117

Lo Turco A, Maggioni D (2020) The knowledge and skill content of
production complexity. Resour Policy. https://doi.org/10.1016/j.
respol.2020.104059

Lumsdaine RL, Papell D (1997) Multiple trend break and the unit-root
hypothesis. Rev Econ Stat 79(2):212-218

Lugman M, Ahmad N, Bakhsh K (2019) Nuclear energy, renewable
energy and economic growth in Pakistan: evidence from non-
linear autoregressive distributed lag model. Renew Energy
139:1299-1309

Lybbert TJ, Xu M (2022) Innovation-adjusted economic complexity
and growth: do patent flows reveal enhanced economic capa-
bilities? Rev Dev Econ 26(1):442—483. https://doi.org/10.1111/
rode.12816

Magnani N, Vaona A (2013) Regional spillover effects of renewable
energy generation in Italy. Energy Policy 56:663-671

Mariani MS, Vidmer A, Medo M, Zhang Y-C (2015) Measuring eco-
nomic complexity of countries and products: which metric to
use? Eur Phys J B 88(11):293. https://doi.org/10.1140/epjb/
¢2015-60298-7

Mbarek MB, Saidi K, Rahman MM (2018) Renewable and non-renew-
able energy consumption, environmental degradation and eco-
nomic growth in Tunisia. Qual Quant 52:1105-1119

Menyah K, Wolde-Rufael Y (2010) CO, emissions, nuclear energy,
renewable energy and economic growth in the US. Energy Pol
38(6):2911-2915

Meo MS, Chowdhury MAF, Shaikh GM, Ali M, Masood Sheikh S
(2018a) Asymmetric impact of oil prices, exchange rate, and
inflation on tourism demand in Pakistan: new evidence from
nonlinear ARDL. Asia Pac J Tourism Res 23:408—-422. https://
doi.org/10.1080/10941665.2018.1445652

Meo MS, Khan V], Ibrahim TO, Khan S, Ali S, Noor K (2018b)
Asymmetric impact of inflation and unemployment on poverty

@ Springer


https://doi.org/10.1016/j.energy.2022.123559
https://doi.org/10.1016/j.energy.2022.123559
https://doi.org/10.1016/j.worlddev.2016.12.020
https://doi.org/10.1016/j.worlddev.2016.12.020
https://doi.org/10.1073/pnas.0900943106
https://doi.org/10.1073/pnas.0900943106
https://doi.org/10.1126/science.1144581
https://doi.org/10.1186/s40100-014-0020-3
https://doi.org/10.1186/s40100-014-0020-3
https://doi.org/10.1016/j.jclepro.2020.124956
https://doi.org/10.1016/j.jclepro.2020.124956
https://doi.org/10.1080/00343404.2014.899691
https://doi.org/10.1080/00343404.2014.899691
https://doi.org/10.1016/j.respol.2020.104059
https://doi.org/10.1016/j.respol.2020.104059
https://doi.org/10.1111/rode.12816
https://doi.org/10.1111/rode.12816
https://doi.org/10.1140/epjb/e2015-60298-7
https://doi.org/10.1140/epjb/e2015-60298-7
https://doi.org/10.1080/10941665.2018.1445652
https://doi.org/10.1080/10941665.2018.1445652

7472

Environmental Science and Pollution Research (2023) 30:7446-7473

in Pakistan: new evidence from asymmetric ARDL cointegra-
tion. Asia Pacific J Soc Work Dev 28:295-310. https://doi.org/
10.1080/02185385.2018.1523745

Namahoro JP, Wu Q, Xiao H, Zhou N (2021) The asymmetric nexus
of renewable energy consumption and economic growth: new
evidence from Rwanda. Renewable Energy 174:336-346. https:/
doi.org/10.1016/j.renene.2021.04.017

Narayan PK (2005) The saving and investment nexus for China: evi-
dence from co-integration tests. Appl Econ 37(17):1979-1990

Narayan PK, Popp S (2013) Size and power properties of structural
break unit root tests. Appl Econ 45(6):721-728

Narayan PK, Popp S (2010) A new unit root test with two struc-
tural breaks in level and slope at unknown time. J Appl Stat
37(9):1425-1438

Nguyen CP, Nguyen B, Tung BD, Su TD (2021) Economic complexity
and entrepreneurship density: a non-linear effect study. Technol
Forecast Soc Chang 173:121107. https://doi.org/10.1016/j.techf
ore.2021.121107

Ocal O, Aslan A (2013) Renewable energy consumption-economic
growth nexus in Turkey. Renew Sustain Energy Rev 28:494-499

Ourens G (2013) Can the method of reflections help predict future
growth. Discussion Paper No. 2013008, Louvainla-Neuve: Uni-
versité Catholique de Louvain, Institut de Recherches Econom-
iques et Sociales (IRES).https://dial.uclouvain.be/pr/boreal/en/
object/boreal%3A127055.

Pao HT, Tsai CM (2010) CO, emissions, energy consumption
and economic growth in BRIC countries. Energy Policy
38(12):7850-7860

Pao HT, Fu HC (2013) Renewable energy, non-renewable energy,
and economic growth in Brazil. Renew Sustain Energy Rev
25:381-392

Pal D, Mitra SK (2015) Asymmetric impact of crude price on oil
product pricing in the United States: an application of multiple
threshold nonlinear autoregressive distributed lag model. Econ
Model 51:436-443

Pal D, Mitra SK (2016) Asymmetric oil product pricing in India: evi-
dence from a multiple threshold nonlinear ARDL model. Econ
Model 59:314-328

Pal D, Mitra SK (2019) Asymmetric oil price transmission to the pur-
chasing power of the U.S. dollar: a multiple threshold NARDL
modelling approach. Resour Policy 64:101508

Payne JE (2009a) On the dynamics of energy consumption and out-
put in the US. Appl Energy 86:575-577

Payne JE (2011) On biomass energy consumption and real output in
the US. Energy Sources Part B 6:47-52

Perron P (1989) The great crash, the oil price shock, and the unit root
hypothesis. Econometrica 57:1361-1401

Perron P (1997) Further evidence on breaking trend functions in
macroeconomic variables. J Econom 80:355-385

Pesaran MH, Shin Y (1998) An autoregressive distributed lag mod-
elling approach to cointegration analysis. In: Strom S (ed)
Econometrics and economic theory: the Ragnar Frisch Cen-
tennial Symposium, Econometric Society Monographs. Cam-
bridge University Press, Cambridge, pp 371-413

Pesaran MH, Shin Y, Smith RJ (2001) Bounds testing approaches
to the analysis of level relationships. J Appl Economet
16(3):289-326

Phillips PC, Perron P (1988) Testing for a unit root in time series
regression. Biometrika 75(2):335-346

Poncet S, de Waldemar FS (2013) Economic complexity and growth.
Rev Econ 64:495-503

Popp S (2008) New innovational outlier unit root test with a break at an
unknown time. J Stat Comput Simul 78(12):1143-1159

Rafindadi AA, Ozturk I (2017) Impacts of renewable energy consump-
tion on the German economic growth: evidence from combined
co-integration test. Renew Sustain Energy Rev 75:1130-1141

@ Springer

Rappoport P, Reichlin L (1989) Segmented trends and nonstationary
time series. Econ J 99(395):168-177

Rasheed R, Meo MS, Awan RU, Ahmed F (2019) The impact of tourism
on deficit in balance of payments of Pakistan: an application of
bounds testing approach to cointegration. Asia Pac J Tourism Res
24:325-332. https://doi.org/10.1080/10941665.2018.1564345

Sahoo P, Dash RK (2009) Infrastructure development and economic
growth in India. J Asian Pac Econ 14(4):351-365

Sari R, Ewing BT, Soytas U (2008) The relationship between disaggre-
gate energy consumption and industrial production in the United
States: an ARDL approach. Energy Econ 30:2302-2313

Schmidt P, Phillips PCB (1992) LM tests for a unit root in the presence
of deterministic trends. Oxford Bull Econ Stat 54:257-287

Shahbaz M, Loganathan N, Zeshan M, Zaman K (2015) Does renew-
able energy consumption add in economic growth? An applica-
tion of auto-regressive distributed lag model in Pakistan. Renew
Sustain Energy Rev 44:576-585

Shahbaz M, Van Hoang TH, Mahalik MK, Roubaud D (2017) Energy
consumption, financial development and economic growth in
India: new evidence from a non-linear and asymmetric analysis.
Energy Econ 63:199-212

Shahbaz M, Zakaria M, Shahzad SJH, Mahalik MK (2018) The energy
consumption and economic growth nexus in top ten energy-con-
suming countries: fresh evidence from using the quantile-on-
quantile approach. Energy Econ 71:282-301

Shin Y, Yu B, Greenwood-Nimmo M (2014) Modelling asymmetric
cointegration and dynamic multipliers in a nonlinear ARDL
framework. In: Horrace WC, Sickles RC (eds) Festschrift in
Honor of Peter Schmidt. https://doi.org/10.2139/ssrn.1807745
(Forthcoming)

Simoes AJG, Hidalgo CA (2011) The economic complexity observa-
tory: an analytical tool for understanding the dynamics of eco-
nomic development. Scalable Integration of Analytics and Visu-
alization: Papers from the 2011 AAAI Workshop (WS-11-17)

Stojkoski V, Utkovski Z, Kocarev L (2016) The impact of services on
economic complexity: service sophistication as route for eco-
nomic growth. PLoS One 11(8):e0161633. https://doi.org/10.
1371/journal.pone.0161633

Tabash MI, Mesagan EP, Farooq U (2022) Dynamic linkage between
natural resources, economic complexity, and economic growth:
empirical evidence from Africa. Resour Policy 78:102865

Tiwari AK (2011) A structural VAR analysis of renewable energy con-
sumption, real GDP and CO, emissions: evidence from India.
Econ Bull 31:1793-1806

Tiwari AK (2014) The asymmetric Granger-causality analysis between
energy consumption and income in the United States. Renew
Sustain Energy Rev 36:362-369

Toumi S, Toumi H (2019) Asymmetric causality among renewable
energy consumption, CO, emissions, and economic growth
in KSA: evidence from a non-linear ARDL model. Envi-
ron Sci Pollut Res 26:16145-16156. https://doi.org/10.1007/
s11356-019-04955-z

Troster V, Shahbaz M, Uddin GS (2018) Renewable energy, oil prices,
and economic activity: a granger-causality in quantiles analysis.
Energy Econ 70:440-452

Udeogu E, Roy-Mukherjee S, Amakom U (2021) Does increasing prod-
uct complexity and diversity cause economic growth in the long-
run? A GMM panel VAR evidence. SAGE Open 11(3):1-16.
https://doi.org/10.1177/21582440211032918

Verheyen F (2013) Exchange rate nonlinearities in EMU exports to the
US. Econ Model 32:66-76

Yasmeen H, Tan Q, Zameer H, Vo XV, Shahbaz M (2021) Discover-
ing the relationship between natural resources, energy consump-
tion, gross capital formation with economic growth: can lower
financial openness change the curse into blessing. Resour Policy
71:102013


https://doi.org/10.1080/02185385.2018.1523745
https://doi.org/10.1080/02185385.2018.1523745
https://doi.org/10.1016/j.renene.2021.04.017
https://doi.org/10.1016/j.renene.2021.04.017
https://doi.org/10.1016/j.techfore.2021.121107
https://doi.org/10.1016/j.techfore.2021.121107
https://dial.uclouvain.be/pr/boreal/en/object/boreal%3A127055
https://dial.uclouvain.be/pr/boreal/en/object/boreal%3A127055
https://doi.org/10.1080/10941665.2018.1564345
https://doi.org/10.2139/ssrn.1807745
https://doi.org/10.1371/journal.pone.0161633
https://doi.org/10.1371/journal.pone.0161633
https://doi.org/10.1007/s11356-019-04955-z
https://doi.org/10.1007/s11356-019-04955-z
https://doi.org/10.1177/21582440211032918

Environmental Science and Pollution Research (2023) 30:7446-7473

7473

Yildirim E, Sara¢ S, Aslan A (2012) Energy consumption and eco-
nomic growth in the USA: evidence from renewable energy.
Renew Sustain Energy Rev 16(9):6770-6774

Zhang D, Wang J, Lin Y, Si Y, Huang C, Yang J, Huang B, Li W
(2017) Present situation and future prospect of renewable energy
in China. Renew Sustain Energy Rev 76:865-871

Zhu S, Li R (2017) Economic complexity, human capital and economic
growth: empirical research based on cross-country panel data.
Appl Econ 49(38):3815-3828. https://doi.org/10.1080/00036
846.2016.1270413

Zivot E, Andrews D (1992) Further evidence on the great crash, the
oil-price shock, and the unit-root hypothesis. J Bus Econ Stat
10(3):251-270

Publisher's note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor holds exclusive rights to this article under
a publishing agreement with the author(s) or other rightsholder(s);
author self-archiving of the accepted manuscript version of this article
is solely governed by the terms of such publishing agreement and
applicable law.

@ Springer


https://doi.org/10.1080/00036846.2016.1270413
https://doi.org/10.1080/00036846.2016.1270413

	Asymmetric impacts of renewable energy consumption and economic complexity on economic growth in Saudi Arabia: evidence from the NARDL model
	Abstract
	Introduction
	Literature review
	Renewable energy consumption-economic growth nexus
	Economic complexity-economic growth nexus

	Data description and empirical model
	Data description
	Empirical model

	Econometric methodology
	NARDL model
	MT-NARDL model
	Asymmetric causality test

	Empirical results
	Summary statistics
	NARDL results
	MT-NARDL results
	Causality analysis

	Conclusions and policy implications
	Acknowledgements 
	References


