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Abstract
This work systematically examines the empirical interactions among foreign direct investment (FDI), renewable power gener-
ation (RPG), hydropower generation (HPG), non-hydropower generation (NHPG), and CO2 emissions in the long run and short
run. To test the existence of long-run equilibrium association among those variables, Bayer-Hanck combined cointegration and
autoregressive distributed lag (ARDL) model have been employed on time series of China for the period 1991–2017. The vector
error correction model-based short-run impacts among the variables of interest are also estimated. Besides, Toda-Yamamoto
causality and Granger causality are employed to confirm the direction of causal links. The existence of a long-run equilibrium
relationship is revealed in case of all types of specification. The expansion of both FDI and CO2 emissions boosted RPG, HPG,
and NHPG in the short run and long run, with greater intensity of impacts in the long run. To reflect comparisons, it is found that
the renewables generation driving the impact of CO2 emissions and FDI on NHPG is greater than RPG, which further exceeds
HPG. In turn, the RPG, HPG, and NHPGmitigated CO2 emissions both in the long run and short run, with stronger impacts in the
long run. Moreover, the CO2 emissions inhibition impact of HPG dominated NHPG, which further exceeded that of RPG. The
FDI boosted CO2 emissions in a way that the long-run pollution haven impact is revealed to be powerful than that of the short run.
A unidirectional causality has been observed running from FDI to CO2 emissions, RPG, HPG, and NHPG. A bidirectional
causality is found operative between CO2 emissions and RPG/HPG/NHPG. Interestingly, the long-run and short-run impacts
remained homogeneous in terms of directionality. Nevertheless, strict heterogeneity is observed in terms of the degree of impacts.
Based on empirics, both long-term and short-term policies on FDI, renewables generation, and CO2 emissions are vital for
decision-makers in China.
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Nomenclature
FDI Foreign direct investment
RPG Renewable power generation
HPG Hydropower generation
NHPG Non-hydropower generation
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τ Kendall’s coefficient
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PP Phillips-Perron
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RESET Regression equation specification error test
ARCH Autoregressive conditional heteroscedasticity
LM Lagrange multiplier
CUSUM Cumulative sum of recursive residuals
STIRPAT Stochastic Impacts by Regression on Population,
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Introduction

In the current era of globalization and internationalization of
investment markets, the trend of foreign investments has re-
ceived worldwide prominence in terms of its spillover effects
for the host nations. Those spillover effects may include pos-
itive as well as negative spillovers. Among positive spillovers,
technology diffusion, pollution halo impact, human capital
transmission, and rise in aggregate production of host nation
exhibited prominence (Ferrier et al. 2016). However, a nega-
tive spillover effect of pollution havens has also been argued
to be existent. The pollution havens states that poorly devel-
oped nations attract dirty and less efficient industries due to
weakly stringent environmental regulations, which ends up
with environmental deterioration (Sung et al. 2018). It is also
opined that the foreign direct investment (FDI) increases the
aggregate production that aggravates the energy demand in
the host nation. In the same vein, massive non-renewable en-
ergy consumption brings about environmental threats and
hence gives birth to human health hazards, thus indicating
the negative spillover outcome (Zhou et al. 2018).
Additionally, in order to cope with high energy demand and
environmental problems in the host nation, FDI promotes re-
newable energy development through technology and knowl-
edge diffusion and hence denoting the positive spillover out-
come (Bekun et al. 2019). The Heckscher-Ohlin model, which
builds on the theory of comparative advantage, the capital
flows from a country with low capital returns to high capital
returns (Buckley and Casson 2016).

Since China became the fastest growing country in renew-
ables, its promotion of renewable power generation is linked
with the motive of meeting massive energy demand along
with emissions mitigation in the country. As to China, its
FDI expanded from 22.5 million USD in 1991 to 103.9 mil-
lion USD in 2017 (World Bank 2017). Meanwhile, the renew-
able power generation from different sources of renewables
grew at a different pace (Fig. 1). Among those renewable
power generation sources, hydropower remained the major
contributor, while geothermal power, recently, remained the
least contributor to renewable power generation in China. In
this regard, with motivation to curtail global CO2 emissions,
the FDI contributed to renewable power generation, including
wind power, hydropower, solar power, biomass, and

geothermal power. It is noted that during 2004 to 2010,
North America (USA and Canada), Europe (Germany,
Spain, Italy, and Denmark), and Asia (China and Japan)
remained among the largest FDI investors as well as FDI
destinations in renewable energy. As to China, it invested in
renewable power more than the whole of Europe until 2010
and emerged as a most wanted destination for FDI in renew-
able power generation (REN21 2018; UNCTAD 2018). From
the theoretical jurisdiction and empirical work, the energy
scientists and researchers around the globe strive to establish
that FDI has been an integral part of renewable energy devel-
opment as it works as a driving force of renewable power
generation and its consumption. In this regard, on one hand,
FDI can be considered as the potential driver to have an asso-
ciation with renewable power generation. Nevertheless, on the
other hand, the flux of FDI inflows boosted the CO2 emissions
in countries with weakly stringent environmental protection
policies including China (Lee 2013). Concerning this, Fig. 2
sheds light on the development trends of CO2 emissions along
with FDI, RPG, HPG, and NHPG in China during 1991–
2017. The CO2 emissions in China, surged from 2457.3 in
1991 to 9232.6 Mt in 2017 indicating a significant contribu-
tion to air pollution domestically as well as internationally (BP
Statistical Review on World Energy 2018).

In order to craft the impacts among FDI, renewable energy,
and CO2 emissions, the existing literature can be listed under
following core headings: (i) impact analysis between FDI and
renewable energy consumption (e.g., Khandker et al. 2018;
Chen 2018; Pata 2018), (ii) impact analysis between FDI
and CO2 emissions (e.g., Peng et al. 2016; Zhu et al. 2018;
Kocak and Sarkgunesi 2018), and (iii) links between renew-
able energy consumption and CO2 emissions (e.g., Sbia et al.
2014; Mert and Boluk 2016; Baek 2016; Wang et al. 2017;
Shahbaz et al. 2018). Those studies considered the mentioned
linkages between FDI, renewable energy consumption, and
CO2 emissions on a piecemeal basis without considering
comprehensive interactions among the three. The literature
under first heading took the impact analysis between FDI
and renewable energy consumption into consideration.
Concerning this, Doytch and Narayan (2016) examined the
association between FDI and energy demand by disaggregat-
ing the FDI into manufacturing, mining, financial service, and
total services. For this purpose, they estimated the long-run
elasticities using the generalized method of moments (GMM)
on 74 countries for the time span 1985–2012. They found
varied impacts of FDI on renewable and non-renewable ener-
gy consumption, that FDI added to renewable energy con-
sumption and reduced the non-renewable energy consump-
tion. Similarly, Sbia et al. (2014) explored the connections
among FDI, green energy, trade, and economic growth in
UAE and confirmed the existence of a cointegrating
relationship among those variables. Furthermore, there is a
declining impact of FDI and trade on energy demand,
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whereas economic growth and clean energy have expansion
impact on energy demand. Also, Lee (2013) studied the
cointegrating association between FDI, clean energy, econom-
ic growth and carbon emissions for 19 countries from G20.
FDI has been found to have a positive impact on economic
growth, whereas its effect remained limited in case of carbon
emissions. However, the research found no association of FDI
with clean energy in the UAE. Nonetheless, those studies
rarely discussed the long- and short-run impacts of FDI on
renewable power generation.

Moreover, studies under the second heading conducted im-
pact analysis between FDI and CO2 emissions. Among others,
Sung et al. (2018) conducted a panel data study covering 28
sub-sectors of the Chinese manufacturing sector to investigate
the impact of FDI on carbon emissions. For this, they applied
the GMM method and found a positive impact of FDI on
carbon emissions thus supporting the halo effect in the
Chinese manufacturing sector. Then, Koçak and Şarkgüneşi

(2018), based on data of the Turkish economy, evaluated the
potential influence of FDI on CO2 emissions using the envi-
ronmental Kuznets curve hypothesis. Their findings exposed
the existence of a long-run balanced association among FDI,
CO2 emissions, energy consumption, and economic growth.
Likewise, they found the pollution haven hypothesis to be
valid in the case of Turkey. Additionally, Omri et al. (2014)
conducted simultaneous equation analysis for a panel of 54
countries covering the period from 1990 to 2011 on FDI,
carbon emissions, and economic growth and found a bidirec-
tional causal connection between FDI and economic growth.
They further found unidirectional causal relationship from
carbon emissions to economic growth.

Lastly, the researches under the third heading investigated
the relationship between renewable energy consumption and
CO2 emissions; however, none of those researches has been
known to conduct this analysis for long-run and short-run
empirical grounds. In this regard, Chen (2018) tested the links
among trade, economic growth, carbon emissions, and
renewable energy for Chinese panel based on 30 provinces
and found a positive influence of economic growth and CO2

emissions on renewable energy consumption. Besides,
imports and exports were found to have negative and
positive impacts, respectively, on renewable energy
consumption. Furthermore, Omri and Nguyen (2014) ana-
lyzed a panel of 64 countries around the globe for renewable
energy, trade, population, and economic growth by employing
GMM panel estimation. They found carbon emissions and
trade as the main drivers of renewable energy consumption.
Table 1 provides with the summary of selected studies
reporting causal linkages among FDI, renewable energy and
CO2 emissions.

Having a bird’s eye view of existing literature, a number of
researches explored the links between FDI and renewable
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Fig. 3 Natural logarithmic transformed time series plots

Table 2 Results of correlation
coefficients based on Pearson,
Spearman, and Kendall’s
measures

Test Variables FDI RPG CO2 HPG NHPG

Pearson (CC) FDI 1.0000a

RPG 0.7794a 1.0000a

CO2 0.8349a 0.9631a 1.0000a

HPG 0.8072a 0.9952a 0.9799a 1.0000a

NHPG 0.8439a 0. 9737a 0.9391a 0.9726a 1.0000a

Spearman (rho) FDI 1.0000a

RPG 0.8168a 1.0000a

CO2 0.8437a 0.9878a 1.0000a

HPG 0.8162a 0.9988a 0.9866a 1.0000a

NHPG 0.8132a 0.9805a 0.9707a 0.9792a 1.0000a

Kendall (tau) FDI 1.0000a

RPG 0.6125a 1.0000a

CO2 0.6638a 0.9373a 1.0000a

HPG 0.6125a 0.9886a 0.9259a 1.0000a

NHPG 0.6125a 0.9430a 0.9145a 0.9316a 1.0000a

RPG, renewable power generation;HPG, hydropower generation; NHPG, non-hydropower generation; Pearson,
standard Pearson correlation test; Spearman, Spearman’s rank correlation test; Kendall, Kendall’s Tau test. The
statistical values are Pearson’s coefficients of correlation (CC), Spearman’s rank coefficient of correlation (rho),
and Kendall’s coefficient of correlation (tau)
a Indicates the threshold statistical significance at 1% level (null hypothesis (H0): the two variables are indepen-
dent. The significance statistics lead to rejection of null hypothesis)
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energy consumption, and FDI and CO2 emissions involving a
variety of empirical findings. Despite the plethora of re-
searches conducted in this domain, the current work is distin-
guished from the existing body of knowledge in several sig-
nificant directions. First, unlike previous researches, this work
explores the linkages among FDI, CO2 emissions, and various
types of renewable power generation in the long run and short
run (e.g., Dogan and Seker 2016; Bilgili et al. 2016; Danish
et al. 2017; Dong et al. 2018; Inglesi-Lotz and Dogan 2018).
Second, no single attempt has been known to investigate the
interaction among hydropower and non-hydropower genera-
tion, FDI, and CO2 emissions in Stochastic Impacts by

Regression on Population, Affluence, and Technology
(STIRPAT) framework (e.g., Irandoust 2016; Mert and
Boluk 2016; Ummalla and Samal 2018). Third, distinct from
previous studies, this work establishes a comprehensive cor-
relation analysis among FDI, CO2 emissions, and variety of
renewables generation (e.g., Sbia et al. 2014; Peng et al. 2016;
Khandker et al. 2018). Fourth, different from existing litera-
ture, this work modifies the STIRPAT to introduce FDI and
RPG into the theoretical framework (e.g., Dogan and Ozturk
2017; Dong et al. 2018; Zhou et al. 2018). Fifth, unlike
existing studies, this work reveals the heterogeneous nature
of pollution haven impact across the long run and short run.
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Fig. 4 Scatter plot-based bivari-
ate logarithmic associations
among FDI, RPG, HPG, NHPG,
and CO2 emissions in China from
1991 to 2017
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Consequently, it seems a vital concern to reveal the long-run
and short-run empirical interactions among FDI, aggregated
as well as disaggregated measures of renewable power gener-
ation, and CO2 emissions.

The underlying objective of the current work is to system-
atically inspect the long-run and short-run linkages among
FDI, renewable power generation, and CO2 emissions for
Chinese time series from 1991 to 2017. In technical terms,
this work attempts to contribute to the new pool of knowledge
in following key aspects. First, the Stochastic Influence by
Regressions on Population, Affluence, and Technology
(STIRPAT) model has been modified to introduce FDI as a
function of technology component, whereas RPG has been
incorporated as a function of CO2 emissions. Second, the re-
newable power generation (RPG) has been considered in ag-
gregated and disaggregated forms classified into hydropower
generation and non-hydropower generation to have a compar-
ative impact analysis. Third, for establishing correlation anal-
ysis, Pearson, Spearman, and Kendall’s correlation tests are
employed. Fourth, in order to inspect the long-run equilibrium

associations, the Bayer-Hanck combined cointegration and
autoregressive distributed lag (ARDL) bounds testing
methods have been employed. Further, the vector error cor-
rection model (VECM) has been applied to examine the short-
run dynamics. Additionally, the Toda-Yamamoto causality
and Granger causality tests are employed to identify the direc-
tions of linkages among the variables of interest. Moreover,
vector autoregressive (VAR) model-based generalized im-
pulse response functions (IRFs) are generated to predict the
responses of FDI, RPG, and CO2 emissions. This work has
provided with long-run and short-run based useful policy in-
sights for China combined with policy lessons for the rest of
the world economies.

The remaining work is structured as follows. BData,
methods, and empirics^ section details the data description,
methods, and empirics. It reports the pre-analysis and main
methods of the work. Moreover, it documents the STIRPAT
theoretical framework. Finally, BPreliminary methods and
results^ section comprises of conclusions and policy implica-
tions of this work.

Table 3 Unit root test results at level

ADF-GLS test PP test KPSS test

Variables Lags -stat Tab-value (at 5%) Lags T-stat Tab-value at (5%) T-stat Tab-value (at 5%)

L(RPG) 1 − 3.615 − 2.996 1 − 1.709 − 2.791 0.279 0.430

L(FDI) 1 − 3.592 − 2.996 1 − 1.210 − 2.791 0.136 0.430

L(HPG) 1 − 4.215 − 2.996 1 − 1.513 − 2.791 0.270 0.430

L(NHPG) 1 − 3.713 − 2.996 1 − 1.619 − 2.791 0.308 0.430

L(CO2) 1 − 2.174 − 2.996 1 − 3.638 − 2.791 0.501 0.430

L(GDP) 1 − 1.986 − 2.996 1 − 4.157 − 2.791 0.449 0.430

RPG, renewable power generation; HPG, hydropower generation; NHPG, non-hydropower generation; GDP, gross domestic product; CO2, carbon
dioxide emissions; PP, Phillips-Peron; ADF, Augmented Dicky-Fuller; KPSS, Kwiatkowski Phillips Schmidt Shin; Tab-value, tabulated value; T-stat,
test statistic;휏-stat, the test value calculated by ADF-GLS. L indicates the natural logarithmic operator. And the optimal lags are selected based on AIC
(Akaike Information Criterion), HQIC (Hannan-Quinn Information Criterion), and SBC (Schwartz Bayesian Information Criterion)

Table 4 Unit root test results at first difference

ADF-GLS test PP test KPSS test

Variables Lags -stat Tab-value (at 5%) Lags T-stat Tab-value at (5%) T-stat Tab-value (at 5%)

L(RPG) 1 − 4.138 − 2.996 1 − 5.410 − 2.791 0.120 0.430

L(FDI) 1 − 3.625 − 2.996 1 − 4.625 − 2.791 0.142 0.430

L(HPG) 1 − 4.691 − 2.996 1 − 3.732 − 2.791 0.171 0.430

L(NHPG) 1 − 2.980 − 2.996 1 − 4.118 − 2.791 0.214 0.430

L(CO2) 1 − 3.558 − 2.996 1 − 3.662 − 2.791 0.199 0.430

L(GDP) 1 − 3.639 − 2.996 1 − 4.723 − 2.791 0.204 0.430

PP, Phillips-Peron; ADF, Augmented Dicky-Fuller; KPSS, Kwiatkowski Phillips Schmidt Shin; Tab-value, tabulated value; T-stat, test statistic; 휏-stat,
the test value calculated by ADF-GLS. L indicates the natural logarithmic operator. And the optimal lags are selected based on AIC (Akaike Information
Criterion), HQIC (Hannan-Quinn Information Criterion), and SBC (Schwartz Bayesian Information Criterion)
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Data, methods, and empirics

Data description

This work has made use of the annual frequency-based time
series data on FDI (current USD), renewable power genera-
tion (RPG) (Twh1) from different sources, carbon dioxide
emissions (Mt2), and consumer price index (CPI) (preceding
year = 100) inflation covering the time from 1991 to 2017.
The data on FDI (current USD), gross domestic product
(GDP) (current USD), and CO2 emissions (Mt) are sourced
from World Bank (2017). The FDI and GDP in current USD
form have been corrected for CPI inflation. The data on CPI
are collected from China Statistical Yearbook (2016, 2017).
Finally, the data on renewable power generation from different
sources, including hydropower (Twh), wind power (Twh),
solar power (Twh), geothermal power (Twh), and other renew-
able sources (Twh), are compiled from BP Statistical Review
on World Energy (2018). For estimation purpose, the aggre-
gate variable of RPG is calculated by summation of all renew-
able power generation sources given as:

RPG ¼ ∑
m

i¼1
RSi ð1Þ

where Bi^ is the index of renewable power generation sources,
RS indicates the individual renewable power generation
source, and RPG indicates the aggregate variable of renewable
power generation. The renewable power generation sources
constructing the variable of renewable power generation in-
clude hydropower, wind power, solar power, geothermal pow-
er, and other renewables. Furthermore, for comparative anal-
ysis, the renewable power generation has been further classi-
fied into hydropower generation (HPG) and non-hydropower
generation (NHPG). The NHPG comprises of the individual
renewable power generation sources excluding HPG. In other
words, the RPG minus HPG constructs the NHPG.
Additionally, as shown in Fig. 3, all the six data series have
been subjected to natural logarithmic transformation for esti-
mations purpose, so as to release them from measurement
units thus making the interpretations parsimonious and
logical.

Preliminary methods and results

Correlation analysis

As a primary step, the coefficient of the standard Pearson rank
correlation test has been employed. Also, Kendall’s (1938)
non-parametric test and Spearman’s rank correlation test are

considered for robustness of correlation findings. The corre-
lation coefficients based on those correlation tests are recorded
in Table 2.

Moreover, the bivariate association among FDI, RPG,
HPG, NHPG, and CO2, are demonstrated through scatter plots
and the fitted log-linear functions within scatter plots (Fig. 4).
For each pair of variables (Fig. 4 a–g), the scatter plots ex-
posed monotonic3 relationships and the high value of coeffi-
cients of determination revealed the best fit of the log-linear
functions. Though all the pairs of variables displayed mono-
tonic positive associations, nonetheless some pairs demon-
strated relatively flatter slopes of log-linear functions (Fig. 4
a, b, d, and g) whereas some showed relatively steeper slopes
(Fig. 4 c, e, and f). It implies that CO2 is slightly responsive to
relatively big changes in RPG and NHPG, whereas it is rela-
tively more responsive to moderate changes in FDI and HPG.
Moreover, RPG and HPG exposed relatively small changes in
response to relatively big changes in FDI.

Unit root analysis

The unit root testing is considered to meet the pre-condition to
test the linkages among time series. For this purpose, this work
has employed Augmented Dicky-Fuller Generalized Least
Squares (ADF-GLS) test by Elliott et al. (1992) which is mod-
ified form of the Augmented Dicky-Fuller (ADF) test (1979).
The ADF-GLS test executes estimations taking the asymptotic
point optimality into consideration, hence it is considered to
have statistical power more than ADF test.

As an empirical counterpart, Phillips-Perron (PP) (1988),
and Kwiatkowski Phillips Schmidt and Shin (KPSS) (1992)
tests have been employed for the robustness details. Based on
the non-parametric property to correct t-statistic, PP test is
robust to heteroscedasticity in the random process and auto-
correlation problem (Davidson and MacKinnon 2004).
Finally, the KPSS test considers testing the null hypothesis
whether a time series is trend stationary against the alternative
hypothesis of non-stationary series. According to trend sta-
tionary process, the series face transitory shocks which are
mean reverting and hence keeping the process of the series
convergent.

The application of a variety of unit root tests with slightly
distinguished statistical properties has significantly enhanced
the statistical reliability of the unit root analysis. The statistical
outcomes of those tests at the level as well as the first differ-
ence are reported in Tables 3 and 4, respectively. The results in
Table 3 illustrate that FDI, RPG, HPG, and NHPG are station-
ary in level form. However, CO2 emissions and GDP have
unit root at level but turned stationary in first difference form
i.e., integrated of order one. It is demonstrated through the

1 Terawatt-hours
2 Million tons

3 It states that the correlated series move in the same direction i.e. either
decrease or increase.
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rejection of null hypothesis of ADF-GLS stating that series
follows a random walk. It is further exhibited through the
rejection of the null hypothesis of PP test which states that
series has a unit root. It is further validated by the retention
of the null hypothesis of Bstationary^ in the KPSS test in
Table 4. Furthermore, the technical roadmap of the empirical
methods is recorded in Fig. 5.

STIRPAT theoretical framework

The formulation of BStochastic Impacts by Regression on
Population, Affluence, and Technology^ (STIRPAT) aug-
mented by Dietz and Rosa (1994, 1997) integrated the sto-
chastic component to acquire the environmental impacts
through the following model:

I ¼ aPbAcTde ð2Þ

where I establishes the environmental impacts (revealed by
CO2 emissions), P symbolizes the population size, A means
affluence i.e., gross domestic product (GDP), T denotes tech-
nology, and e signifies the stochastic measure. The post-

transformation form of Eq. (2) after the logarithmic applica-
tion is given as:

ln CO2tð Þ ¼ ln að Þ þ bln Ptð Þ þ cln GDPtð Þ þ dln Ttð Þ þ ln etð Þ ð3Þ

where Bln^ means natural logarithm, while Bt^ in the sub-
script means the index of time.

Modified STIRPAT

This work transforms the STIRPAT in two new dimensions.
First, it has been opined that CO2 emissions is a function of
energy (Yazdi and Shakouri 2017; Ahmad et al. 2019a), thus
the renewable power generation (RPG) can also be incorpo-
rated in the model. Second, the foreign direct investment
(FDI) brings about advancement in terms of technology and
hence transforms the structural skeleton of the host economy.
Thus, FDI can be introduced as a function of the technology
component in Eq. (3):

ln CO2tð Þ ¼ ln ξ0ð Þ þ ξ1ln Ptð Þ þ ξ2ln GDPtð Þ
þ ξ3ln RPGtð Þ þ ξ4ln FDItð Þ þ νt ð4Þ

where Bν^ denotes the random component of the model.

Fig. 5 Technical roadmap of
empirical methods. Notes:
STIRPAT, Stochastic Impacts by
Regression on Population,
Affluence, and Technology;
BGLM, Breusch-Pagan Lagrange
Multiplier; RESET, Regression
Equation Specification Error; JB,
Jarque-Bera; CUSUM, cumula-
tive sum of recursive residuals;
CB, Chow breakpoint; CF, Chow
forecast

22228 Environ Sci Pollut Res (2019) 26:22220–22245



Main methods and results

Based on unit root analysis, the series of CO2 emissions and
GDP are found to be integrated of order one thus ruling out the
application of ordinary least squares (OLS) method. Further, it
is found that not all the time series data are integrated of the
same order, thus excluding the option of employing Johnson
co-integration method. Since the variables of interest
contained integration orders of mixed types, i.e., I(0) and
I(1) and none of the series is I(2), the current scenario holds
the application of Bayer-Hanck combined cointegration and
ARDL bounds testing to be suitable.

Bayer-Hanck combined cointegration

For the inspection of long-run equilibrium association
among RPG, HPG, NHPG, FDI, and CO2, a recently
developed test of combined cointegration by Bayer and

Hanck (2013) has been employed. For this purpose,
Bayer and Hanck (2013) combined the non-cointegration
tests to provide with consistent and more reliable findings.
This test produces robust and more efficient results. The
most parsimonious version of cointegration was devised
by long-run regression-based Engle and Grager (1987)
cointegration which is established on estimated residuals.
Later, several different cointegration tests were proposed.
In this regard, system-based Johansen (1988) test, F-
statistics-based Boswijk (1994) test, and t-statistics-based
Banerjee et al. (1998) test remained prominent. It has
been opined that none of the cointegration tests may pro-
vide perfect outcomes in all situations due to having
distinguishing characteristics (Elliott et al. 1992). For this
reason, a combined cointegration (Bayer and Hanck 2013)
of improved power has been employed to yield robust
cointegration findings. This procedure, using Fisher
(1932) formula, combines the p values of different

Table 5 Bayer and Hanck
cointegration test results Estimated specifications Optimal lags E&G-JN E&G-JN-BK-

BJ
Cointegration

Type-R specification

FDIt = f(RPGt, CO2t, GDPt) 2 16.293** 29.035** Yes

RPGt = f(FDIt, CO2t, GDPt) 2 31.274** 58.382* Yes

CO2t = f(RPGt, FDIt, GDPt) 2 22.301** 109.425** Yes

GDPt = f(RPGt, FDIt, CO2t) 2 28.392** 84.253* Yes

Significance Bayer-Hanck critical values

At 5% level 10.972 19.040

At 10% level 7.864 15.931

Type-H specification

FDIt = f(HPGt, CO2t, GDPt) 2 22.383** 34.720** Yes

HPGt = f(FDIt, CO2t, GDPt) 2 19.237* 41.283** Yes

CO2t = f(HPGt, FDIt, GDPt) 2 25.920** 89.943** Yes

GDPt = f(HPGt, FDIt, CO2t) 2 36.200* 73.055* Yes

Significance Bayer-Hanck critical values

At 5% level 10.972 19.040

At 10% level 7.864 15.931

Type-N specification

FDIt = f(NHPGt, CO2t, GDPt) 2 32.835* 61.356** Yes

NHPGt = f(FDIt, CO2t, GDPt) 2 17.339** 74.530** Yes

CO2t = f(NHPGt, FDIt, GDPt) 2 26.661** 40.557** Yes

GDPt = f(NHPGt, FDIt, CO2t) 2 21.430* 82.528* Yes

Significance Bayer-Hanck critical values

At 5% level 10.972 19.040

At 10% level 7.864 15.931

RPG, renewable power generation; HPG, hydropower generation; NHPG, non-hydropower generation; GDP,
gross domestic product; CO2, carbon dioxide emissions. Type-R, specification with RPG; type-H, specification
with HPG; type-N, specification with NHPG. The optimal lags are selected based on AIC. Critical values are
obtained from Bayer and Hanck (2013)

*Indicates significance at 10% level

**Indicates significance at 5% level
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cointegration tests to provide results having a concrete
basis. The expressions following Bayer and Hanck
(2013) are given as follows:

E&G−JN ¼ −2 ln PE&Gð Þ þ ln PJNð Þ½ � ð5Þ
E&G−JN−BK−BJ ¼ −2 ln PE&Gð Þ þ ln PJNð Þ þ ln PBKð Þ þ ln PBJð Þ½ � ð6Þ

where E&G indicates Engle and Grager (1987), JN indi-
cates Johansen (1988), BK indicates Boswijk (1994), and
BJ indicates Banerjee et al. (1998) cointegration, whereas
PE&G, PJN, PBK, and PBJ denote their respective p values.
According to the decision rule, if computed Fisher statis-
tics ˃ Bayer and Hanck (2013) critical values, the null
hypothesis (H0) of no cointegration can be rejected. The
results based on Bayer and Hanck (2013) are recorded in
Table 5.

The results in Table 5 indicate that the calculated
Fisher statistics for E&G-JN and E&G-JN-BK-BJ tests
exceed the Bayer and Hanck (2013) critical values at both
5% and 10% levels of significance for all the three types
of specifications (i.e., type-R, type-H, type-N). It leads to

the rejection of the null hypothesis of no-cointegration,
hence leading to confirmation of the existence of long-
run equilibrium association among FDI, CO2 emissions,
and RPG/HPG/NPG in all types of specifications.

Bounds test-based cointegration

As an empirical counterpart and robustness details,
Pesaran et al.’s (2001) ARDL has been employed to em-
pirically examine the long-run and short-run links among
FDI, CO2 emissions, and RPG/HPG/NHPG. For this,
ARDL is utilized as a general vector autoregressive model
having pth order, represented by column vectors
Y(R) t = [FDI t , RPG t , CO2 t ]T, Y(H) t = [FDI t, HPG t ,
CO2t ]

T, and Y(N)t = [FDIt, NHPGt, CO2t ]
T for type-R,

type-H, and type-N specifications, respectively. The
ARDL is advantageous over other testing methods in
terms of its application to the series with mixed order of
integration. Moreover, even for small samples, ARDL
yields more efficient and unbiased estimates than conven-
t ional methods. To determine the cointegrat ing

Table 6 Bounds test results
Estimated specifications Optimal lags F-statistic (test value) Cointegration

Type-R specification

FDIt = f(RPGt, CO2t, GDPt) 2 9.12 Yes

RPGt = f(FDIt, CO2t, GDPt) 1 4.63 Yes

CO2t = f(RPGt, FDIt, GDPt) 3 6.29 Yes

GDPt = f(RPGt, FDIt, CO2t) 2 7.32 Yes

Bounds statistics (critical value at 5%)

Lower bound 2.72

Upper bound 3.91

Type-H specification

FDIt = f(HPGt, CO2t, GDPt) 1 5.76 Yes

HPGt = f(FDIt, CO2t, GDPt) 1 4.13 Yes

CO2t = f(HPGt, FDIt, GDPt) 2 8.25 Yes

GDPt = f(HPGt, FDIt, CO2t) 3 2.90 No conclusion

Bounds statistics (critical value at 5%)

Lower bound 2.72

Upper bound 3.91

Type-N specification

FDIt = f(NHPGt, CO2t, GDPt) 3 6.79 Yes

NHPGt = f(FDIt, CO2t, GDPt) 1 5.11 Yes

CO2t = f(NHPGt, FDIt, GDPt) 1 4.92 Yes

GDPt = f(NHPGt, FDIt, CO2t) 2 3.22 No conclusion

Bounds statistics (critical value at 5%)

Lower bound 2.72

Upper bound 3.91

RPG, renewable power generation; HPG, hydropower generation; NHPG, non-hydropower generation; GDP,
gross domestic product; CO2, carbon dioxide emissions. Type-R, specification with RPG; type-H, specification
with HPG; type-N, specification with NHPG. Bounds critical statistic are extracted from Table CI (iii) case (III) by
Pesaran et al. (2001)
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association, this work estimates the following ARDL
model:

ΔY t ¼ λi; j þ Σp
i¼1φi; jΔY t−i; j þ Σq

i¼1ηi; jY t−i; j þ νi; j ð7Þ

where ΔYt is a column vector with a 3 × 1 dimension.
Likewise, λi, j and νi, j are the column vectors of intercept
coefficients and residuals, respectively. The ARDLmodel term
with η’s and φ’s nominate the long-run part and short-run
dynamics, respectively. Additionally, λ’s and ν’s indicate the
intercepts and white noise errors of the models, respectively.
The null hypotheses of the long-run cointegrating equilibrium
association denoted as η1j = η2j = η3j = 0 are tested against the
alternative hypotheses provided as η1j ≠ η2j ≠ η3j ≠ 0 bymaking
use of Pesaran et al.’s (2001) critical bound test statistic. The
assumption for the critical lower bound statistic is that all the
three variables in the ARDL model are I(0) while, the assump-
tion based on which the critical upper bound statistic has been
formed is that all the three variables are I(1).

According to the decision principle, if F-statistic ˃ upper
bound critical value then the null hypothesis of no co-
integration should be rejected. On the contrary, the null

hypothesis is retained if F-statistic ˂ lower bound critical val-
ue. Otherwise, if none of the two holds true then the test is
considered inconclusive. The F-statistic values acquired from
the Wald test and the bounds statistic (at 5% significance lev-
el) provided by Pesaran et al. (2001), and the calculated F-
statistic values of ARDL regressions are documented in
Table 6. The optimum lag length is selected based on AIC
and SBC.

The bounds test results revealed that all the four equa-
tions are cointegrated for type-R specification. This is
demonstrated from the F-statistic (test values) ˃ the up-
per bound tabulated values at 5% (3.91). Hence, it leads
to rejection of the null hypothesis of no cointegration
providing evidence that series of FDI, RPG, CO2 emis-
sions, and GDP are cointegrated. However, in the case of
type-H and type-N specifications, except equation for
GDP, all the equations are cointegrated. Thus, it validates
the robustness of cointegration results found by applica-
tion of Bayer-Hanck cointegration test. Thus, the
cointegration results confirmed the existence of a long-
run equilibrium association among FDI, RPG, HPG,
NHPG, and CO2 emissions.

Table 7 Long-run elasticities
based on ARDL estimations Long-run model specifications

Response variables RPG/HPG/NHPG model FDI model CO2 model

Type-R specification Model with RPG

C − 1.024*** − 0.472** 0.901***

L(FDI) 0.831*** – 0.592***

L(CO2) 0.165** 0.032 –

L(RPG) – 0.045 − 0.305***
L(GDP) 0.549** 0.173* − 0.618**

Type-H specification Model with HPG

C − 3.185** − 2.553** 1.116***

L(FDI) 0.429*** – 0.375**

L(CO2) 0.151** 0.129 –

L(HPG) – 0.052 − 0.262***
L(GDP) 0.315** 0.191* − 0.578*

Type-N specification Model with NHPG

C − 6.730*** − 4.312*** 0.473**

L(FDI) 0.948** – 0.882***

L(CO2) 0.218** 0.092 –

L(NHPG) – 0.106 − 0.561***
L(GDP) 0.295** 0.233* − 0.711***

RPG, renewable power generation; HPG, hydropower generation; NHPG, non-hydropower generation; GDP,
gross domestic product; CO2, carbon dioxide emissions. Type-R, specification with RPG; type-H, specification
with HPG; type-N, specification with NHPG

*Indicates significance at 10% level

**Indicates significance at 5% level

***Indicates significance at 1% level
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Conditional ARDL model-based long-run elasticities

As the cointegration is proved, the conditional ARDL model
specifications are estimated in the next step as given in the
matrix form equation:

ΔRPGt

ΔHPGt

ΔNHPGt

ΔFDIt
ΔCO2t

2
66664

3
77775
¼

λ1
λ2
λ3
λ4
λ5

2
66664

3
77775
þ Σq

i¼1

η11;i η12;i η13;i η14;i η15:i
η21;i η22;i η23;i η24;i η25;i
η31;i η32;i η33;i η34;i η35;i
η41;i η42;i η43;i η44;i η45;i
η51;i η52;i η53;i η54;i η55;i

2
66664

3
77775

x

ΔRPGt−1
ΔHPGt−1
ΔNHPGt−1
ΔFDIt−1
ΔCO2t−1

2
66664

3
77775
þ

ν1t

ν2t

ν3t

ν4t

ν5t

2
66664

3
77775

ð8Þ

where AIC and SBC have been used to determine the ARDL
optimal order for all the five variables reported in the matrix of
specifications in Eq. (8). Those specifications are estimated mak-
ing use of the ARDL. The empirical findings of the estimated
models which are normalized for the RPG, HPG, NHPG, FDI,
and CO2 emissions, respectively, are documented in Table 7.

Long-run impacts of renewable energy models

As far as the long-run elasticities are concerned, in all the three
types of specifications (type-R, type-H, type-N), FDI, CO2 emis-
sions, and GDP exerted a significant positive impact on RPG,
HP, and NHPG, respectively. However, the degree of impact

Table 8 VECM-based results
Short-run specifications

Items RPG/HPG/NHPG model FDI model CO2 model

Type-R specification Model with RPG

ECT (− 1) − 0.690*** − 0.138** − 0.582***
D(L(FDI)) 0.091*** – 0.073**

D(L(CO2)) 0.024*** 0.008 –

D(L(RPG)) – 0.019 − 0.045**
D(L(GDP)) 0.038** 0.010* 0.097**

R2 0.80 0.53 0.85

F-stat 8.71** 6.25** 10.02**

DW-stat 2.01 1.90 2.08

Type-H specification Model with HPG

ECT (− 1) − 0.487** − 0.125** − 0.489**
D(L(FDI)) 0.063*** – 0.058**

D(L(CO2)) 0.017** 0.023 –

D(L(HPG)) – 0.019 − 0.031**
D(L(GDP)) 0.029*** 0.007* 0.078**

R2 0.77 0.56 0.73

F-stat 7.32** 6.01** 8.24**

DW-stat 1.96 1.93 2.02

Type-N specification Model with NHPG

ECT (− 1) − 0.717*** − 0.302*** − 0.652**
D(L(FDI)) 0.098*** – 0.084**

D(L(CO2)) 0.032** 0.015 –

D(L(NHPG)) – 0.019 − 0.056**
D(L(GDP)) 0.049** 0.019** 0.099***

R2 0.87 0.64 0.91

F-stat 9.12** 8.36** 15.88***

DW-stat 2.00 1.98 2.04

ECT, error correction term; R2 , coefficient of determination; F-stat, F-statistic; DW-stat, Durbin Watson statistic;
RPG, renewable power generation; HPG, hydropower generation; NHPG, non-hydropower generation; GDP,
gross domestic product; CO2, carbon dioxide emissions. Type-R, specification with RPG; type-H, specification
with HPG; type-N, specification with NHPG. The selection of ARDL order is made based on AIC and SBC

*Indicates significance at 10% level

**Indicates significance at 5% level

***Indicates significance at 1% level
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remained heterogeneous in three types of specifications. The
FDI imparted the strongest impact on NHPG, medium impact
on RPG, while demonstrated the weakest impact on HPG. In
this regard, a 1% rise in FDI is likely to boost NHPG, RPG, and
HPGby 0.95, 0.83, and 0.43%, respectively. TheCO2 emissions
also induced the strongest impact on NHPG, medium impact on
RPG, while demonstrated weakest impact on HPG. Concerning
this, a 1% rise in CO2 emissions is likely to boost NHPG, RPG,
and HPG by 0.22, 0.16, and 0.15%, respectively. However, the
impact of GDP onRPG,HPG, andNHPG varied from strongest
to medium to relatively weak for the three specifications, respec-
tively. The results entailed that both CO2 emissions and FDI
promoted BRPG/HPG/NHPG driving impact.^ These results
are reported in Table 7.

Long-run impacts of FDI model

In case of all the three types of specifications, CO2 demon-
strated an insignificant contribution to FDI implying that FDI

remained neutral to changes in CO2 emissions. Furthermore,
RPG in type-R specification, HPG in type-H specification,
and NHPG in type-N specification exerted an insignificant
impact on FDI. However, GDP displayed positive contribu-
tion to FDI in all the three type of specifications. In this regard,
the degree of impact of GDP on FDI varied from strongest to
medium to weakest in case of type-N, type-H, and type-R
specifications, respectively. A 1% surge in GDP is expected
to increase FDI by 0.23, 0.19, and 0.17% in the case of type-
N, type-H, and type-R, respectively. These results are docu-
mented in Table 7.

Long-run impacts of CO2 emissions model

In all the three specifications, FDI induced significant pos-
itive contribution to CO2 emissions whereas RPG, HPG,
NHPG, and GDP induced significant negative contribution
to it. The impact of FDI remained diversified with the stron-
gest impact in case of type-N specification, medium impact
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Fig. 6 aVARmodel-based impulse response functions of FDI, RPG, and
CO2. The upper and lower dotted lines in each of the nine graphs denote
the 95% confidence interval. b VAR model-based impulse response

functions of FDI, HPG, and CO2. c VAR model-based impulse response
functions of FDI, NHPG, and CO2
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in case of type-R specification, and weakest impact in case
of type-H specification. In this regard, a 1% increase in FDI
is likely to raise CO2 emissions by 0.88, 0.59, and 0.38% for
type-N, type-R, and type-H specifications, respectively.
Thus, FDI promoted the BCO2 emissions injection impact^
which is also known as Bpollution haven impact.^ Similarly,
considering the impact of renewables, NHPG demonstrated
the strongest impact on CO2 emissions. Next to NHPG,
RPG showed the medium impact on CO2 emissions, where-
as HPG revealed the weakest impact on it. In this regard, a
1% rise in NHPG, RPG, and HPG is likely to reduce the CO2

emissions by 0.56, 0.30, and 0.26%, respectively. In this
way, RPG, HPG, and NHPG imparted a negative long-run
impact on CO2 emissions inducing BCO2 emissions inhibi-
tion impact.^ Based on results, the BCO2 emissions injec-
tion impact^ exceeds the BCO2 emissions inhibition
impact,^ hence leading to an overall rise in CO2 emissions.
Finally, GDP demonstrated negative impact on CO2 emis-
sions with strongest impact (0.71) in case of type-N speci-
fication, medium impact (0.61) in type-R specification, and
weakest impact (0.58) in type-H specification. These results
are provided in Table 7.

VECM-based dynamics of the models

After the verification of long-run equilibrium linkages among
the variables of interest, it is interesting to analyze the causal
links among RPG, HPG, NHPG, FDI, and CO2 emissions in
order to have useful policy implications for those variables.
The short-run dynamics of the long run is tested by making
use of the F-statistic and the error correction terms (ECT) in
the lag form documented in the following matrix expression:

ΔRPGt

ΔHPGt

ΔNHPGt

ΔFDIt
ΔCO2t

2
66664

3
77775
¼

λ1
λ2
λ3
λ4
λ5

2
66664

3
77775
þ Σp

i¼1

φ11;i φ12;i φ13;i φ14;i φ15;i
φ21;i φ22;i φ23;i φ24;i φ25;i
φ31;i φ32;i φ33;i φ34;i φ35;i
φ41;i φ42;i φ43;i φ44;i φ45;i
φ51;i φ52;i φ53;i φ54;i φ55;i
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3
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ð9Þ
where φ’s are the short-run elasticities which demonstrate the
dynamics of convergence, after confronting some arbitrary
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Fig. 6 (continued)
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shock, to attain the equilibrium level and σ’s are the parame-
ters of the speed of adjustment to equilibrium levels in the
long run. The specifications in matrix form Eq. (9) are esti-
mated by employing OLS method and the estimated

elasticities demonstrating short-run dynamics are documented
in Table 8.

The coefficients of lagged ECT are revealed to have a
significant negative parameter in case of all the three

Table 9 Short-run Granger causality results

Variables D(L(RPG)) D(L(HPG)) D(L(NHPG)) D(L(FDI)) D(L(CO2)) Causality

D(L(RPG)) – 5.15** 2.97* 4.03** 2.91* CO2/FDI to RPG
HPG/NHPG to RPG

D(L(HPG)) 0.48 – 0.85 4.59** 4.33** FDI to HPG
CO2 to HPG

D(L(NHPG)) 0.62 0.36 – 3.93** 2.88* FDI to NHPG
CO2 to NHPG

D(L(FDI)) 0.39 0.75 0.28 – 0.28 No causality

D(L(CO2)) 3.08** 3.32** 5.19** 5.12** – FDI/RPG to CO2

HPG/NHPG to CO2

RPG, renewable power generation; HPG, hydropower generation; NHPG, non-hydropower generation; CO2, carbon dioxide emissions. The recorded
values are F-statistic

*Indicates significance at 10% level

**Indicates significance at 5% level
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types of specifications and for all the models, hence
confirming the convergence of short-run dynamics in the
long run. The magnitudes of ECT parameters indicate the
speed of convergence after an arbitrary shock in RPG,
HPG, NHPG, FDI, CO2 emissions, and GDP. For high
magnitudes of ECT as in case of RPG model (− 0.69),
NHPG model (− 0.71), and CO2 model of type-N specifi-
cation (− 0.65), the shock would dissipate slowly and
hence impact would last relatively longer. The F-statistic
of ARDL-based regressions indicates that the estimated
models are globally significant (at 5%) and hence are
the best fit. Additionally, the measure of R2 demonstrates
that predictor variables of the VECM-based renewable
energy models and CO2 emissions model explained suffi-
cient variations in the predictand variables. Likewise, the
Durbin Watson statistic for all the three model specifica-
tions uncovered the absence of autocorrelation in the
sample.

Short-run impacts of renewable energy models

Considering short-run elasticities, in all the three types of
specifications, FDI, CO2 emissions, and GDP imparted a
significant positive impact on RPG, HP, and NHPG, re-
spectively, with the heterogeneous intensity of impacts in
three types of specifications. In this regard, the impact of
FDI on NHPG, RPG, and HPG varied from strongest to
medium to weakest, with impact elasticities 0.098, 0.091,
and 0.063 for NHPG, RPG, and HPG, respectively.
Similarly, the CO2 emissions exerted the strongest impact
on NHPG (0.032), medium impact on RPG (0.024),

while exhibited relatively weak impact on HPG (0.017).
Whereas, short-run impact of GDP on RPG, HPG, and
NHPG varied from relatively strong to medium to rela-
tively weak impact for the three types of specifications,
respectively. The results implied that both CO2 emissions
and FDI promoted BRPG/HPG/NHPG driving impact^ in
the short run. These results have been reported in
Table 8.

Short-run impacts of FDI model

For all the three types of specifications, FDI remained
neutral to variation in CO2 emissions. Additionally, FDI
also remained neutral to changes in RPG in type-R spec-
ification, HPG in type-H specification, and NHPG in
type-N specification. Nevertheless, GDP exhibited posi-
tive contribution to FDI in all the three types of specifi-
cations. Concerning this, the intensity of the impact of
GDP on FDI varied from relatively strong (0.019) to me-
dium (0.010) to relatively weak (0.007) in case of type-N,
type-H, and type-R specifications, respectively. These re-
sults have been detailed in Table 8.

Short-run impacts of CO2 emissions model

For all the three types of specifications, the FDI introduced
significant positive short-run impact on CO2 emissions
whereas RPG, HPG, NHPG, and GDP negatively contrib-
uted to it. The impact of FDI remained diversified with a
relatively high degree of impact for type-N specification
(0.084), medium degree of impact for type-R specification
(0.073), and relatively weak degree of impact for type-H
specification (0.058). Based on its intensity of impact, the
BCO2 emissions injection impact^ or Bpollution haven
impact^ remained weaker in the short run than that of the
long run. Taking the short-run impacts of renewables,
NHPG exhibited relatively strong impact (− 0.056), RPG
showed medium impact (− 0.045), whereas HPG revealed
the relatively weak impact (− 0.031) on CO2 emissions. In
this way, RPG, HPG, and NHPG exerted a negative short-
run impact on CO2 emissions introducing BCO2 emissions
inhibition impact.^ Eventually, GDP imparted short-run
negative impact on CO2 emissions. These results have
been documented in Table 8.

VAR-based impulse response analysis

For further testing of the interlinkages among the variables in
a multivariate framework, the VAR model is employed. The
VAR models are primarily evolved from the univariate
autoregressive processes to involve the multiple time series
variables. According to Wang et al. (2016), the VAR models
establish linear functions of Bk^ (where k = 5) variables for

Table 10 Toda-Yamamoto causality results

Null-hypothesis (H0) χ2 value P value Causality

RPG does not granger cause FDI 4.162 0.039 FDI→RPG
FDI does not granger cause RPG 0.683 0.275

RPG does not granger cause CO2 2.730 0.049 RPG ↔ CO2

CO2 does not granger cause RPG 5.382 0.021

FDI does not granger cause CO2 3.177 0.046 FDI→CO2

CO2 does not granger cause FDI 0.728 0.226

HPG does not granger cause CO2 2.992 0.046 HPG ↔ CO2

CO2 does not granger cause HPG 4.753 0.023

NHPG does not granger cause CO2 3.271 0.041 NHPG ↔ CO2

CO2 does not granger cause NHPG 5.680 0.019

HPG does not granger cause FDI 4.098 0.040 FDI→HPG
FDI does not granger cause HPG 0.625 0.291

NHPG does not granger cause FDI 4.410 0.032 FDI→NHPG
FDI does not granger cause NHPG 1.137 0.259

RPG, renewable power generation; HPG, hydropower generation;
NHPG, non-hydropower generation; CO2, carbon dioxide emissions.
The notations ↔ and → indicate bidirectional and unidirectional causal
linkages, respectively
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only past values of those variables. A 3rd order VARmodel is
given as follows:

RPGt

HPGt

NHPGt

FDIt
CO2t

2
66664

3
77775
¼ Σ3

i¼1

ξ1
ξ2
ξ3
ξ4
ξ5

2
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3
77775
x
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ν1t

ν2t

ν3t

ν4t

ν5t

2
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3
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ð10Þ

where the left-hand side of Eq. (10) shows the column vector
of exogenous variables, whereas the right-hand side indicates

the column vectors of parameters, endogenous (lagged) vari-
ables, and white noise error terms. The impulse response func-
tions (IRFs) in Figs. 6 a–c elaborate the reactions of variables
(RPG, HPG, NHPG, FDI, and CO2) as a function of the time
in response to some external one standard deviation (SD)
shock to those variables, thus exposing the dynamicity of
the VAR modeling framework. The impulse responses are
generated for optimal lag length (lags = 6) selected by AIC
and SBIC.

The IRFs indicated that some positive shocks in FDI lead to
a slight decline in CO2 emissions during the first half of the

Fig. 7 a Long-run and short-run impacts among RPG, FDI, and CO2.
RPG, renewable power generation; FDI, foreign direct investment; CO2,
carbon dioxide emissions. b Long-run and short-run impacts among
HPG, FDI, and CO2. HPG, hydropower generation; FDI, foreign direct

investment; CO2, carbon dioxide emissions. c Long-run and short-run
impacts among NHPG, FDI, and CO2. NHPG, non-hydropower genera-
tion; FDI, foreign direct investment; CO2, carbon dioxide emissions
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time, whereas it raised the CO2 emissions in the later half
period in case of models with RPG and HPG. However, in
the case of a model with NHPG, CO2 emissions showed a
declining trend and even in later periods, it did not boost.
Next, shock in RPG and HPG in the first half of time raised
the CO2 emissions, and in later half they reduced it. Whereas,
the CO2 emissions are slightly boosted in response to shock in
NHPGwhich dissipates quickly. In response to positive shock
in FDI, RPG deceases in the first quarter of time while it
slightly increases in the remaining three-quarters of the time.
Then, HPG increases gradually all along the time periods in
response to positive shock in FDI. On the contrary, the NHPG
meets slight reduction in response to positive shock in FDI, for
all the time periods. Finally, a positive shock in CO2 emissions
leads to a rapid boost in RPG, HPG, and NHPG during all the
periods of time.

Granger and Toda-Yamamoto causality

The VAR-based Granger (1969) causality models are estimat-
ed to identify the directions of relationships in the bivariate
framework. Themodels to be estimated for this testing process
are given as follows:

yt ¼ π0 þ Σl
i¼1πiyt−i þ Σl

i¼1δixt−i; j þ νit ð11Þ
xt ¼ π0 þ Σm

j¼1π jxt− j þ Σm
j¼1δ jyt− j þ νjt ð12Þ

where i = 1, 2,…,l and j = 1, 2,…m. The null hypothesis (H0)
given as δi = δj = 0 has been tested against the alternative hy-
pothesis (H1) given as δi ≠ δj ≠ 0. Based on estimations of
these models, the F-statistic values on regressors declared that
bidirectional Granger causality is operative between RPG and
CO2 emissions, HPG and CO2 emissions, and NHPG and
CO2 emissions. On the other hand, FDI Granger causes
RPG, HPG, NHPG, and CO2 emissions. The FDI is Granger
caused by none of the variables. These results are reported in
Table 9.

Moreover, a more advanced procedure robust to integration
and cointegration was proposed by Toda and Yamamoto
(1995) which estimates the augmented VAR yet keeping the
simple formation of the estimation procedures. The Toda-
Yamamoto causality allows the asymptotic distribution-
based Wald test statistic. Hence, the causality results based
on the Toda-Yamamoto causality test are reported in
Table 10. The chi-square values and probability values indi-
cate that there is unilateral causality running from FDI to RPG,
HPG, NHPG, and CO2 emissions. Whereas, a bidirectional
causality is operational between RPG and CO2 emissions,
HPG, and CO2 emissions, and NHPG and CO2 emissions.

Empirical summary and discussion

Overall, in light of the empirics, the rise in FDI adds to RPG,
HPG, and NHPG in the short run and in the long run; how-
ever, the long-run impacts are much stronger (9.1, 6.8, and
9.7 times for RPG, HPG, and NHPG, respectively) than
short-run impacts. The similar result is reported by
Khandker et al. (2018) for renewable energy consumption.
Further, this result is consistent with that of Kahouli (2018)
for electricity consumption and compatible with Gorus and
Aydin (2019) for energy consumption. Considering the com-
parative intensities of impacts, it has been observed that the
renewables generation driving impact of FDI on NHPG >
RPG > HPG. The CO2 emissions also bring a boost in RGP,
HPG, and NHPG both in the long run and short run, with
more powerful impacts (6.9, 8.9, and 6.8 times for RPG,
HPG, and NHPG, respectively) in the long run than those
revealed in the short run. Further, the renewables generation
driving impact of CO2 emissions on NHPG > RPG > HPG.

Table 11 Post-estimation test results

Model Test χ2 value P value

Model with RPG LM Seriel 3.41 0.25

RESET 5.17 0.23

ARCH 0.88 0.35

White 0.29 0.48

BPG 1.04 0.45

Harvey 0.56 0.80

Glejser 0.66 0.72

Norm JB (1.99) 0.36

Model with HPG LM Seriel 4.01 0.14

RESET 4.24 0.36

ARCH 0.88 0.35

White 1.05 0.14

BPG 1.92 0.13

Harvey 1.85 0.15

Glejser 0.66 0.72

Norm JB (2.11) 0.34

Model with NHPG LM Seriel 0.60 0.59

RESET 3.99 0.41

ARCH 0.39 0.54

White 0.42 0.33

BPG 0.87 0.57

Harvey 0.32 0.95

Glejser 0.84 0.59

Norm JB (0.39) 0.82

LM Seriel, Lagrange multiplier serial correlation (Breusch-Godfrey);
RESET, Regression Equation Specification Error Test (functional form
test by Ramsey); JB, Jarque-Bera; BPG, Breusch-Pagan-Godfrey
(heteroscedasticity test); ARCH, Autoregressive Conditional
Heteroscedasticity (heteroscedasticity test); RPG, renewable power gen-
eration; HPG, hydropower generation; NHPG, non-hydropower genera-
tion; Norm, normality test. ARCH, White, BPG, Harvey, and Glejser are
the heteroscedasticity tests
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In turn, the RPG, HPG, and NHPGmitigated CO2 emissions
both in the long runand short run,with significantly powerful
impact in the long run (6.8, 8.5, and 10 times of short-run
impact for RPG, HPG, and NHPG, respectively). Moreover,
the CO2 emissions inhibition impact of HPG > NHPG >

RPG. Based on the underlying mechanism, the negative
feedback response of RPG, HPG, and NHPG to CO2 emis-
sions is dominant since the rise in RPG, HPG, and NHPG
directly contributes to curtailment in CO2 emissions and
hence substituting renewables for fossil fuel energy use.

Fig. 8 a CUSUM and CUSUM-square test results (Model with RPG).
The left panel shows results of CUSUM test, while the right panel shows
results of CUSUM-square test for renewable power generation (RPG),
foreign direct investment (FDI), and carbon dioxide emissions (CO2). b
CUSUM and CUSUM-square test results (Model with HPG). The left
panel shows results of CUSUM test, while the right panel shows results of

CUSUM-square test for hydropower generation (HPG), foreign direct
investment (FDI), and carbon dioxide emissions (CO2). c CUSUM and
CUSUM-square test results (Model with NHPG). The left panel shows
results of CUSUM test, while the right panel shows results of CUSUM-
square test for non-hydropower generation (NHPG), foreign direct invest-
ment (FDI), and carbon dioxide emissions (CO2)

Environ Sci Pollut Res (2019) 26:22220–22245 22239



However, any addition toRPG,HPG, andNHPG in response
to the rise in CO2 emissions is based on policy response
which may induce policymakers and government bodies to
promote renewables so as to attain the CO2 emissions cur-
tailment targets.

The FDI boosted CO2 emissions in the long run and short
run; however, its long-run degree of impact remained 8.1
times stronger than that of the short run. It revealed that
long-run CO2 emissions injection impact or pollution haven
impact remained powerful than that of the short run. This

Fig. 8 (continued)
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finding is in accordance with the previous literature (e.g.,
Solarin et al. 2017; Shahbaz et al. 2018; Zhou et al. 2018).
The similar results are found by Hanif et al. (2019) for fossil
fuel energy and FDI in Asian economies. A unidirectional
causality has been observed running from FDI to CO2 emis-
sions, RPG, HPG, and NHPG. A bidirectional causality is

found operative between CO2 emissions and RPG/HPG/
NHPG. In view of empirical findings, it is noted that long-
run and short-run impacts remained homogeneous in terms of
directionality of those linkages; nevertheless, strict heteroge-
neity has been observed in terms of degree of impacts. On the
whole, the long-run impacts are found stronger than short-run

Fig. 8 (continued)

Environ Sci Pollut Res (2019) 26:22220–22245 22241



impacts. The summary of long-run and short-run impacts for
the three types of specifications (with RPG, HPG, and NHPG,
respectively) is documented in Figs. 7 a, b, and c, respectively.

Post-estimation test results

The estimated models passed the post-estimation tests docu-
mented in Table 11. Furthermore, the stability of long-run
elasticities is confirmed by analyzing the dynamics of the
long-run. The CUSUM4 and CUSUM-square tests are execut-
ed to analyze the parameters’ stability found through specifi-
cations in matrix Eq. (9) having the ECT. For all the three
types of specifications, Figs. 8a, b, and c, respectively plotted
the CUSUM and CUSUM-square plots. It is depicted that the
plotted lines are retained within the critical domain (at 5%) in
case of both CUSUM and CUSUM-square, for all the vari-
ables of interest, and hence confirmed the structural stability
of the ARDL models.

During 2008–2009, financial instability and growth slow-
down appeared in China because of the roaring wave of the
global financial crisis (Ahmad et al. 2019b). Though Chinese
FDI inflows in the same period, it did not fall much as com-
pared to the rapid decline in the FDI worldwide. In order to
examine the presence of any significant structural break in
2008 and the periods afterward (2008 to 2017), the Chow
breakpoint and Chow forecast tests are employed. Based on
LLR5 and F-stat values, the existence of structural break is not
confirmed. These results are documented in Table 12.

Conclusions and policy implications

Unlike previous works, this work has examined the empirical
interactions among FDI, CO2 emissions, and various types of
renewable power generation in the long run and short run. In
this regard, this work investigated the interaction among

hydropower and non-hydropower generation, FDI, and CO2

emissions in the STIRPAT modeling framework. A compre-
hensive correlation analysis has been conducted employing a
variety of tests for robust statistical findings. For the purpose
to examine the long-run and short-run interactions among the
variables of interest, Bayer-Hanck combined cointegration
and autoregressive distributed lags (ARDL) approach have
been employed on time series data of China for the period
1991–2017. Furthermore, Toda-Yamamoto causality, as well
as Granger causality within the vector error correction model
(VECM), has been employed to examine the directions of the
causal linkages.

The empirical findings revealed the existence of long-run
equilibrium links in case of type-R (with renewable power
generation), type-H (with hydropower generation), and type-
N (with non-hydropower generation) model specifications.
The rise in both FDI and CO2 emissions added to RPG,
HPG, and NHPG in the short and in the long run; however,
the intensity of long-run impacts remainedmuch stronger than
that of short-run impacts. Considering the comparative inten-
sities of impacts, it has been observed that the renewables
generation driving impact of CO2 emissions and FDI on
NHPG > RPG > HPG. In turn, the RPG, HPG, and NHPG
mitigated CO2 emissions both in the long run and short run,
with relatively powerful impacts in the long run. Moreover,
the CO2 emissions inhibition impact of HPG >NHPG >RPG.
Besides, the negative feedback, response of RPG, HPG, and
NHPG to CO2 emissions is dominant since the surge in re-
newables generation may contribute to curtailment in CO2

emissions and hence substituting renewables for fossil fuel
energy use. However, any addition to RPG, HPG, and
NHPG in response to the rise in CO2 emissions is based on
policy response which may induce policymakers and author-
ities to promote renewables so as to attain the CO2 emissions
curtailment goals. The FDI boosted CO2 emissions in the long
run and short run; however, its long-run degree of impact
remained relatively stronger than that of short run.
Additionally, a unidirectional causal connection has been
found running from FDI to CO2 emissions, RPG, HPG, and
NHPG. A bidirectional causal link is found operative between

4 cumulative sum of recursive residuals
5 Log Likelihood Ratio

Table 12 Statistical outcomes of stability tests

Model Stability test Forecast/breakpoint period F-stat Prob-value of F-stat LLR value Prob-value of LLR

Model with RPG CB test 2008 0.59 0.31 19.03 0.11

CF test 2008, 2017 0.71 0.42 30.64 0.09

Model with HPG CB test 2008 0.47 0.83 6.85 0.44

CF test 2008, 2017 0.25 0.97 7.44 0.68

Model with NHPG CB test 2008 1.77 0.19 19.39 0.12

CF test 2008, 2017 1.16 0.43 23.52 0.06

CB, Chow breakpoint; CF, Chow forecast; LLR, log-likelihood ratio; F-stat, F-statistic value; Prob-value, probability value; RPG, renewable power
generation; HPG, hydropower generation; NHPG, non-hydropower generation
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CO2 emissions and RPG/HPG/NHPG. It revealed that long-
run CO2 emissions injection impact or pollution haven impact
is expected to be powerful than that of the short run.
Interestingly, the long-run and short-run impacts remained
homogeneous in terms of directionality of those linkages; nev-
ertheless, strict heterogeneity has been found in terms of de-
gree of impacts. Also, on the whole, the long-run impacts are
found stronger than the short-run impacts.

Based on these empirics, it is implied that impact of FDI
policies influenced the non-hydropower generation (i.e., solar
power, wind power, geothermal power, other renewables)
more than the aggregated measure of renewable power gener-
ation as well as individual hydropower generation. The inten-
sity of long-run impacts is found powerful than that of the
short run. It implicated that the policymakers should attach
more importance to the long run than the short run in terms
of CO2 emissions mitigation policies and renewables genera-
tion policies. It is further implied that high levels of CO2

emissions may induce the policymakers to suggest the policies
to promote renewables generation. Besides, the heterogeneous
intensity of impacts in the long run and short run entailed the
degree of importance attached to short-term and long-term
policies. These empirical findings guided the policymakers
to give core consideration to the long-run policies about re-
newables generation and emissions mitigation.

According to the 13th 5-year plan, the Chinese government
aims to further promote foreign investment inflows in the key
sectors including new technology, environmental protection,
and energy conservation. In this regard, the deviation of FDI
from fossil-based energy production to renewable power gen-
eration and its consumption be the way forward for emissions
mitigation in China domestically as well as globally.

As a future research, the analysis can be conducted at re-
gional level. The regional findings may provide with hetero-
geneous nature of those relationships of FDI with CO2 emis-
sions and renewable power generation. Those findings may
lead to regionally focused heterogeneous policy suggestions.
Moreover, the consideration of regional details would allow to
take large samples ensuring the robustness of empirical re-
sults. Furthermore, sometimes, inclusion of aggregated data
may lead to aggregation bias findings. In this regard, the anal-
ysis conducted based on disaggregated analysis would yield
more reliable findings.
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