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The economy of Pakistan has constantly been plunged due to its severe electricity

shortages over the last 2 decades and persistently faces challenges in revamping its

electricity supply network. The purpose of this research was to assess the causal

relationship between carbon dioxide emissions (CO2), combustible renewable and

waste (CRW), electric power consumption (EC), electricity production from coal

(EPC), hydroelectric (EPH) and natural gas (EPN) sources, energy use (EU) and gross

domestic product (GDP). The scopeof this research includedPakistan’s annual time

series data from 1971 to 2014. This study employed Autoregressive Distributed Lag

(ARDL) bound testing analysis to determine the long-term and short-term

correlations among all research parameters. This research also conducted

Augmented Dickey-Fuller (ADF), Phillips-Perron (PP) and Kwiatkowski-Phillips-

Schmidt-Shin (KPSS) tests to evaluate the stationarity existence among

dependent variable and independent variables. The outcomes of the fully

modified least squares (FMOLS), dynamic ordinary least square (DOLS) and

canonical co-integrating regression (CCR) estimators showed that coefficients

of EC, EPH and GDP all were a significantly positive relationship with CO2

emissions, while the coefficients of CRW, EPC and EU were negatively

significant, respectively. Furthermore, the outcomes from the short-run analysis

revealed that the error correction term value was -0.8668, which indicates that

from short-run to long-run equilibrium, the adjustment of the deviation of CO2

emission is by 86.68 percent annually. Moreover, the diagnostic results also

demonstrated that the model employed in this research is stable and reliable.

Pakistan was selected in this research work because of the deficit of power and if

environmental degradation continues unchecked, it will eventually affect the state’s

economic growth andCO2 emissions. The study’s primary policy recommendation

is that government energy policymakers in Pakistan who create the environment

framework in should pursue conservative energy measures as such measures will

not negatively impact economic growth.
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1 Introduction

The impact of economic activities on carbon dioxide emissions

at both national and international levels has become a prominent

subject in the past 3 decades (Pata and Caglar, 2021). The dramatic

increase in energy consumption in recent years has directly

contributed to severe energy shortages in most countries

worldwide (Balcilar et al., 2010; Tamba et al., 2017; Balcilar et al.,

2019). Countries are increasing their energy use and other natural

resources to attain maximum economic growth, which elevates

greenhouse gas emissions (Rehman and Rehman, 2022). This is

because energy (electricity) is a crucial component of economic

growth and development in developing and developed countries.

Sustainable economic growth and development are essential for

improving social wellbeing. It indicates that economic progress

should not come at the expense of environmental damage but

rather environmental sustainability should be preserved (Azam

et al., 2016). Because of its worldwide relevance, the issue of

carbon dioxide (CO2) emissions remains a critical research

priority. Despite the negative consequences, CO2 emissions are

closely related to economic growth and development since most

CO2 emissions are generated by fuel utilization, such as coal, oil, and

gas, which are the primary sources of electricity for automobiles and

industry (Rahman, 2017). It is a well-established fact that economists

of the contemporary era are more concerned with exploring the

dynamics of energy economics and the pollutant environment due

to demand and supply gaps. These gaps are alarming not only for

economic activities but also for the globalization process. Hence, the

conventional theory has not had enough to say about the association

between energy and economic growth. Energy is the elementary part

of the economy as it plays a vital role in economic development and

provides a link between economic development and energy security

with social stability. Numerous studies have linked poor

infrastructure or low income levels to the lack of energy supply

in developing nations (Aklin et al., 2016; Allcott et al., 2016). Almost

every facet of the economy is coupled with electricity as it owes

critical values that finally affect a country’s economy (Arrillaga et al.,

1985; Dugan et al., 1996; Arrillaga et al., 1997; Caciotta et al., 2006).

Pakistan’s economy has suffered from persistent electricity

shortages over the past 2 decades and thus persistently

encountered a significant challenge in revamping its network

responsible for electricity supply (Nawaz et al., 2013). This, in

turn, had created a massive gap in the demand and supply of

electricity, showing inability of the electricity sector to meet the

demand for the growth of the emerging economy of Pakistan. The

construction of the China-Pakistan Economic Corridor (CPEC) is

seen as a positive shock that has opened up new opportunities for the

energy sector as it endowed a major segment of its investment in

electricity generation in Pakistan. According to Pakistan Economic

Survey (PES) 2018–19, Pakistan has successfully detached

bottlenecks in electricity generation after the completion of early

harvest stage during the last tenure. This demands a comprehensive

assessment of the electricity sector, specifically in place of the

inauguration of CPEC. Pakistan is one of the countries facing

energy shortage and using nuclear and renewable energy

resources to grow is more minor. Moreover, less than half of the

population in rural areas has either no or limited access to electricity.

Pakistan fulfillsmost of its energy from fossil fuels that are the source

of pollution and inject greenhouse gases into the environment,

causing a severe threat. About 85 percent of the energy needs in

Pakistan are contributed by oil, while the remaining are from

renewable and nuclear energy consumption, i.e., 1.1 percent and

9.2 percent, respectively (Baloch et al., 2016). It has been reported

that 99 percent of energy demands in Pakistan are fulfilled

conventionally, such as oil, gas and hydel. However, 1 percent of

the energy supply is accomplished by renewable resources (Sheikh,

2010). Recent economic collapse in Pakistan has led to a shortfall of

6–8 h and 9–12 h in urban and rural areas. From the report of IEA

(2017), in 2017, the total energy production in Pakistan was

comparable to almost 70 million tons of oil. Furthermore, the

previous study has acknowledged that energy is a life of an

economy, though, in this background, nuclear and renewable

energy may be the source of a prosperous future for the

maintenance and development of growth and it can also subside

electricity shortage matters in Pakistan (Ahmad and Du, 2017).

For the past few decades, the lack of effective policies in the

energy field has led Pakistan to face serious economic challenges that

ultimately result in harmful poor economic growth. Electricity

demands in any country depend highly on the population

growth rate and several other factors such as prices, migration to

the cities and prevailing weather conditions. Though, there are

various other particular factors in Pakistan, such as political

controversy, corruption, lack of adequate policy, provision of

major share to the industries, mismanagement, and theft that

badly influence the energy sector and damage the economy

(GOP, 2014). Pakistan’s population growth has substantially

increased to 176.17 compared to 79.98 in 1980, eventually

enhancing people’s demands that directly escalate electricity

provision (SESRIC, 2014). The association between electricity

consumption and economic growth has been comprehensively

debated in the literature due to its supposed prominence in

determining the growth patterns of the economy. Considering

the growth rates, it is evident that there is an inconsistent link

between electricity consumption and gross domestic product from

the 1970s–1980s due to inefficient and ineffective policy measures

(Nadeem and Munir, 2016). Besides, the trend was steady after the

1980s and the end of the 1990s, while a variation was observed in

later years. It can be determined that the economic growth and
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energy consumption data are symmetric for the initial years, while it

exhibited a slight irregularity in the late few years.

Although Pakistan’s average energy consumption is currently

17,000 MW, there is a deficit of 400–5,000 MW. In the next

10 years, global energy demand is expected to increase by about

1,500 MW or four to five percent (Kazmi, 2014). In 2015, the

shortage was 5,500 MW and the supply was 15,500 MW, while

the installed capacity was about 23,000 MW. The rise of energy

demands is mainly noticed in specific sectors such as agriculture,

construction, manufacturing, education and most notably, in

sustainable development to uplift the economic sector (Santoyo-

Castelazo and Azapagic, 2014). Total electricity generation

during 2014–2015 was noted to be 109,059 GWh, of which

about two-thirds was produced from thermal sources

(NEPRA, 2015). Available sources of electricity production

include hydro-power, nuclear power and thermal energy.

Secondary resources include renewable energy, mainly solar

energy, wind power, biomass and coal, which are less focused

but may become primary sources in the near future (Sahir and

Qureshi, 2008). In Pakistan, parts of the hybrid industry consist

of hydro-power, thermal, and nuclear power plants. About 31%

and 66.8% of electricity are produced by hydro-power and

thermal systems, respectively, while the leftover 2.2% is

accomplished by nuclear power. Moreover, to fulfill energy

demand, the country imports natural gas by 29.4%, oil by

37.8%, hydro-power by 29.4%, and natural gas by 0.26%,

respectively. There is a minimal share of coal (0.1%) and

nuclear power (3.02%) energy supply (GOP, 2013).

A significant question that arises is how Pakistan might

achieve environmental sustainability by reducing carbon

dioxide emissions. This issue may be addressed by

evaluating the potential consequences of Pakistan’s

emission reduction components that might provide policy

suggestions for Pakistan’s sustainable development.

Moreover, there is a dearth of research examining the

potential of decarbonization factors in Pakistan by

employing econometric methodologies, despite the fact that

this has become a hot issue among scholars currently. This

research work’s main contribution is to explore and inspect

the association between CO2, CRW, EC, EPC, EPH, EPN, EU,

and GDP in Pakistan. This study is significant because it

contributes to the recent literature and policy-making in

Pakistan in several directions. First, this study fills a gap in

the current academic literature by exploring the relationship

between CO2 emissions and emission reduction parameters

using a comprehensive econometric technique. Second, the

novelty of this research is to investigates the presence and

direction of causal correlation between CO2 emissions,

electricity production and consumption, energy use and

GDP to construct beneficial policy decisions regarding

electricity use in Pakistan. Third, this study also employed

several procedures such as the Augmented Dickey-Fuller

(ADF), Kwiatkowski, Phillips, Schmidt, and Shin (KPSS),

and the Phillips and Perron (PP) unit root tests to inspect

the stationarity. Fourth, this study exploits the Autoregressive

distributed lag (ARDL) bound testing, fully modified least

squares (FMOLS), dynamic ordinary least square (DOLS) and

canonical co-integrating regression (CCR) estimators design

for determining the degree of association between variables in

a study. Fifth, to determine the reliability of the results, this

study used the Cumulative sum, Pairwise Granger causality

test and variance decomposition method. Finally, the

outcomes of the research would provide policymakers with

more comprehensive and insightful information for designing

efficient policies in the areas of low-carbon economy,

promoting renewable energy use and economic

development which would guarantee sustainable

development in Pakistan by reducing emissions. In

addition, the findings of this study might provide

recommendations for other developing nations looking to

develop effective policies for environmental sustainability

and climate change mitigation.

The remaining research is organized as follows: Section 2

provides a brief summary of the existing literature. Section 3

illustrates the data sources andmethodology of the study. Section

4 discusses the results and discussion part. Lastly, Section 5

summarizes the study based on the analysis outcomes.

2 Literature review

2.1 Electricity consumption and economic
growth

The driving force behind economic growth is electricity.

It stimulates complements capital, manufacturing, labor, and

a deficiency in it causes economic expansion (Oconnell et al.,

2014; Lin and Chang, 2016; Shahbaz et al., 2017a; Jaiyesim

et al., 2017) and limits production (Sarwar et al., 2017; Khan

et al., 2016). Enormous studies explored the causal

associations within the scope of the main components of

electricity consumption and economic growth. These studies

were supposed to provide sophisticated findings and thus,

the scholars preferred autoregressive distributed lag (ARDL)

analysis, vector error correction model (VECM) and co-

integration analysis. Previous studies ended up on one-

way causality between electricity consumption and

economic growth (Yaşar, 2017; Omay et al., 2014; Dogan,

2014; Lee and Chang, 2008; Asafu-Adjaye, 2000). According

to the research (Akinlo 2008; Apergis and Payne 2010) found

a two-way causality using the same econometric methods,

while the study (Mehrara, 2007) explored evidence of a

conservative hypothesis for economic growth and electricity

consumption model given the selected samples of economies.

Additionally, some researchers quoted country-specific

causalities in the panel of D8 economies (Razzaqi et al.,
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2011), while another researcher found neutrality evidence

(Soytas and Sari, 2003). It is pertinent to mention that

there is limited literature on economic growth and

electricity consumption nexus for South Asian economies,

pointing to a research gap in the literature. The time trend

analysis in panel II consists of much literatures discussing all

three main hypotheses, focusing on electricity consumption

and economic growth nexus. The growth hypothesis was recently

affirmed for the economies of Kazakhstan, Angola, Australia, Kenya

and Tanzania, respectively (Khan MTI. et al., 2018; Solarin et al.,

2016; To et al., 2013; Odhiambo, 2009; Odhiambo, 2010). Further,

another scholar explored conservative causality for China (Zhang

and Cheng, 2009), while the previous study disclosed two-way

causality for Portugal (Shahbaz et al., 2011). On a concluding

note, for trend studies, scholars continued to explore the nexus

through different model specifications, providing diverging findings

even for the same economies. For instance, a previous study

indicated an electricity use is a unidirectional cause of economic

growth in the economy of India by employing the non-linear

estimation technique (Shahbaz et al., 2017b). The author also

pointed to an asymmetry in the model due to adverse economic

shocks, denying the possibility of reverse causality. Contrary to this,

another study already declared two-way causality favoring the

feedback hypothesis of economic growth and electricity

consumption in India using two different Granger causality

techniques (Paul and Bhattacharya, 2004). Additionally, previous

scholars quoted causalities in a different direction for the economy of

Turkey (Altinay and Karagol, 2005; Pempetzoglou, 2014).

Starting from the national study in panel III, the ARDL

estimation provided a recent declaration favoring the

economic growth and electricity consumption association

(long run) for the time of 1972–2014 (Nadeem and Munir,

2016). Another researcher also developed the same dynamic

model of ARDL and elucidated a bi-directional electricity

consumption and economic growth causality (Shahbaz and

Lean, 2012). In the same year, a researcher developed the

electricity consumption and economic growth model for a

different time and concluded a reverse causality between the

two core variables (Shahbaz and Feridun, 2012). A previous

study found a one-way causality (Atif and Siddiqi, 2012),

while another scholar ended up on reverse causality from

electricity consumption to economic growth (Aqeel and Butt,

2001). Contrary to the electricity consumption and economic

growth literature, there is recently a turn in national studies

from traditional causality analysis to more impressive yet

sophisticated econometric applications and findings. In this

regard, a previous study applied the SVAR from 1971 to

2012 and found an unstable electricity consumption and

economic growth model (Nadeem and Munir, 2016). The

authors stressed-on the enhancement of energy inputs to

facilitate capital stock in accordance with more labor

utilization. Correspondingly, another study explored the

traditional long-run perspective with the STAR model,

further explored the insensitivity of electricity consumption

to prices and associated it with a lack of electricity alternatives

(Nawaz et al., 2013). A previous study applied VECM and

ARDL estimations and found that there is a significant long-

run relationship between electricity consumption and

economic development in Pakistan (Chandio et al., 2020a).

2.2 Carbon dioxide emissions, energy use
and economic growth

Major barriers to sustainable development include severe energy

shortages and growing pollution levels. It has been illustrated that

energy usage links economic growth with a sustainable

environment, making energy, environment, and economy

common research areas (Mirza and Kanwal, 2017). By using the

Autoregressive distributed lag (ARDL) approach, the statistical

evidence showed that electricity consumption and economic

growth have positive impact on carbon dioxide emissions in

Turkey over the period of 1970–2014 (Akadiri et al., 2020).

Consequently, the association between the economy, energy and

the environment has turned out to be a major area of research. A

group of researchers have conducted a study to elaborate the relation

between energy consumption, economic growth and carbon

emission in various areas using distinct approaches (Zhang and

Cheng 2009; Omri 2013; Alshehry et al., 2015; Dong et al., 2018). A

bidirectional relationship between energy consumption, economic

growth and CO2 emissions was illustrated by different researchers

(Mirza and Kanwal 2017; Liu and Yu 2018). Data analysis across

China from 1990 to 2012 by applying co-integration analysis, vector

error correction model (VECM) impulse response analysis and

Granger causality tests revealed a unidirectional association

between energy consumption and CO2 emissions (Wang et al.,

2016). In contrast, the researchers found that the relationship

between economic growth and energy consumption was

bidirectional. Furthermore, no statistically significant relationship

was found between economic growth and energy consumption in

response to CO2 emissions. A study conducted across China from

1960 to 2007 employed causality tests and generalized impulse

response (Zhang and Cheng, 2009). The Granger causality test

findings revealed a unidirectional association between energy

consumption and CO2 emissions and even between gross

domestic product (GDP) and energy consumption. It was also

demonstrated that energy consumption and CO2 emissions

might not affect economic growth. Co-integration techniques

were used from 1981 to 2005 across 12 Middle East and North

African (MENA) countries (Arouri et al., 2012). It was shown that

CO2 emissions would increase due to energy consumption in the

long run, and real GDP correlated with the country’s CO2 emissions

at a quadratic rate. Furthermore, the study outcomes confirm a

positive relationship between economic growth and CO2 emissions

using for Zimbabwe usingMaki co-integrationmethod (Samu et al.,

2019). Previous study investigated a bi-directional causality between
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CO2 emissions and economic growth and electricity energy

consumption and CO2 emissions in Africa over the period of

1980–2014 (Asongu et al., 2020).

A study conducted in Pakistan showed that in the long

run, CO2 emissions, electric power consumption and

renewable electricity output had a positive and significant

relationship with the gross domestic product per capita over

the period of 1990–2017 (A. Rehman et al., 2019). A

previous study examined the dynamic relationship

between energy consumption, CO2 emissions, and

economic growth based on the Environmental Kuznets

Curve (EKC) hypothesis across Iran from 1971 to 2007

(Saboori and Soleymani, 2012). The findings revealed

long-term relationships between variables in three forms,

retaining CO2 emissions, economic growth, and energy

consumption as dependent variables use of the

Autoregressive Distributed Lag Model (ARDL). Although

the EKC hypothesis predicted a U-shaped relationship

between income and environmental degradation, it was

not confirmed by the results. However, the results do not

contradict the hypothesis. The study showed that the impact

of energy consumption on CO2 emissions in the long-run

was significantly positive. A study across India from 1971 to

2005 used variables such as energy consumption, CO2

emissions and economic growth and used a static and

dynamic framework (Tiwari, 2011). CO2 emissions were

found to be a Granger causality cause of energy

consumption, but GDP was not a Granger causality cause

of CO2 emissions, and energy consumption was found to be

a Granger causality cause of CO2 emissions, but GDP was

not a Granger causality cause of CO2 emissions. The

outcome suggests that Indian government should opt for

strategies and procedures focusing on energy conservation

and adequate energy consumption. Another study analyzed

the impact of electricity consumption in Kuwait on the

country’s CO2 emissions and GDP growth from 1980 to

2013 using the ARDL method. According to the outcomes of

the study, electricity consumption has a negative impact on

CO2 emissions in both the short and long term. Using the

Granger causality test, the authors estimated a positive and

statistically significant correlation between electricity

consumption and CO2 emissions (Salahuddin et al.,

2018). Based on the annual data of China from 1990 to

2016, a previous study applied ARDL bounds testing

approach and confirmed that crop production and

livestock production have a significant positive

relationship with CO2 emissions in both short and long-

run estimations (Chandio et al., 2020b).

3 Data description and research
methodology

3.1 Data Source

A recent study considered annual data of Pakistan covering the

period from 1971 to 2014. Access to data was the key concern and

hence we found the time span depending on the accessibility of

research variables. The Pakistan statistical yearbooks and World

Development Indicator (WDI) collect the data for the different

variables of this proposed study. The contribution of the present

study is to use the data of carbon dioxide emissions (CO2) in metric

tons per capita. The combustible renewable and waste (CRW) is in

percentage of total energy. The electric power consumption (EC) is

in KWh per capita. For the electricity production from coal sources

(EPC), electricity production from hydroelectric sources (EPH) and

electricity production from natural gas sources (EPN), all the data is

in percentage of total electricity production. The energy use (EU)

data is taken in Kilogram oil equivalent per capita, while the gross

domestic product (GDP) data is obtained in current LUC per capita.

The present study aims to identify the relationship between CO2,

CRW, EC, EPC, EPH, EPN, EU and GDP, respectively. Table 1

shows the source and description of all study variables.

3.2 Model specification

Primarily focused on the econometric model proposed by

Asumadu-sarkodie et al. (2017), this research work calculated the

relationship between a dependent variable (CO2 emissions) and

the independent variables (CRW, EC, EPC, EPH, EPN, EU and

GDP). The econometric representation of the research variables

can be modeled as follows.

CO2 � f CRW, EC, EPC, EPH, EPN, EU,GDP( ) (1)

Where CO2 represents the carbon dioxide emissions, CRW is for

combustible renewable and waste, EC is for electric power

consumption, EPC is for electricity production from coal

sources, EPH is for electricity production from hydroelectric

sources, EPN is for electricity production from natural gas

sources, EU is for energy use and GDP is for gross domestic

product respectively in the above Equation 1.

ln CO2t � β0 + β1 lnCRWt−i + β2 lnECt−i + β3 lnEPCt−i
+ β4 lnEPHt−i + β5 lnEPNt−i + β6 lnEUt−i
+ β7 lnGDPt−i + εt

(2)
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All analysis variables have been converted into a loggedmode

(ln). The parameters in Equation 2; β1 , β2 , β3 , β4 , β5 ,β6 , β7 are

the long-run elasticity coefficient of CRW, EC, EPC, EPH, EPN,

EU and GDP and εt is the error term, respectively.

3.3 ARDL bounds testing method

In this research, an autoregressive distributed lag (ARDL)

approach introduced by Pesaran et al. (2001) is investigated. This

approach is utilized to study the equations when the variables are

stationary at a level I (0) and in first difference I (1). This is why this

method is investigated in the current study (Shahbaz et al., 2013;

Rahman and Abul Kashem, 2017; Danish et al., 2018). Before

applying the ARDL approach, it is necessary to determine

whether the variables in question exhibit co-integration. To

determine whether there is co-integration between the study

variables in terms of their short-term and long-term

relationships, an ARDL bound test was conducted.

In this study, the ARDL model is used because it has several

desirable features. a) When the data collection is relatively small, the

ARDLmodel should be used. b) Another feature of the ARDLmodel

variables may be stationary in their level form (I (0)), integrated to

first order and stationary in their difference (I (1)), or a mixture of I

(0) and I (1) is acceptable.When the data collection is relatively small,

the ARDL model is optimal. (c) The ARDL approach can

simultaneously measure the short-term and long-term coefficients.

The short-term coefficients illustrate the correlation between the

independent variable and its long-term trend when the dependent

variable deviates from its long-term trend. It is noteworthy that the

ARDL method combines the nonlinear functions of the coefficients

of the conditional error correction model with the bias-corrected

bootstrap technique. This is a remarkable feature of the ARDL

method. Because of these features, the method can draw statistical

conclusions about the predictability of the long-run relationship

between the variables under study.

Δln CO2t � β0 +∑
k

i�1
β1Δln CO2t−i +∑

k

i�1
β2ΔlnCRWt−i

+∑
k

i�1
β3Δ lnECt−i +∑

k

i�1
β4Δ lnEPCt−i

+∑
k

i�1
β5Δ lnEPHt−i +∑

k

i�1
β6Δ lnEPNt−i

+∑
k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i + δ1 ln CO2t−i

+ δ2 lnCRWt−i + δ3 lnECt−i + δ4 lnEPCt−i

+ δ5 lnEPHt−i + δ6 lnEPNt−i + δ7 lnEUt−i

+ δ8 lnGDPt−i + εt

(3)

ΔlnCRWt � β0 +∑
k

i�1
β1ΔlnCRWt−i +∑

k

i�1
β2Δln CO2t−i

+∑
k

i�1
β3Δ lnECt−i +∑

k

i�1
β4Δ lnEPCt−i

+∑
k

i�1
β5Δ lnEPHt−i +∑

k

i�1
β6Δ lnEPNt−i

+∑
k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i + δ1 lnCRWt−i

+ δ2 ln CO2t−i + δ3 lnECt−i + δ4 lnEPCt−i

+ δ5 lnEPHt−i + δ6 lnEPNt−i + δ7 lnEUt−i

+ δ8 lnGDPt−i + εt

(4)

TABLE 1 Description of the study parameters.

Parameters Symbol Units Source of data

Carbon dioxide emissions CO2 Metric tons per capita WDI

Combustible renewable and waste CRW Percentage of total energy WDI

Electric power consumption EC KWh per capita WDI

Electricity production from coal sources EPC Percentage of total electricity production WDI

Electricity production from hydroelectric sources EPH Percentage of total electricity production WDI

Electricity production natural gas sources EPN Percentage of total electricity production WDI

Energy use EU kg oil equivalent per capita WDI

Gross domestic product GDP Current LUC per capita WDI
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ΔlnECt � β0 +∑
k

i�1
β1Δ lnECt−i +∑

k

i�1
β2Δ lnCO2t−i +∑

k

i�1
β3ΔlnCRWt−i

+∑
k

i�1
β4Δ lnEPCt−i +∑

k

i�1
β5Δ lnEPHt−i +∑

k

i�1
β6Δ lnEPNt−i

+∑
k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i + δ1 lnECt−i

+ δ2 lnCO2t−i + δ3 lnCRWt−i + δ4 lnEPCt−i

+ δ5 lnEPHt−i + δ6 lnEPNt−i + δ7 lnEUt−i + δ8 lnGDPt−i + εt

(5)

ΔlnEPCt � β0 +∑
k

i�1
β1Δ lnEPCt−i +∑

k

i�1
β2Δ lnCO2t−i

+∑
k

i�1
β3ΔlnCRWt−i +∑

k

i�1
β4Δ lnECt−i +∑

k

i�1
β5Δ lnEPHt−i

+∑
k

i�1
β6Δ lnEPNt−i +∑

k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i

+ δ1 lnEPCt−i + δ2 lnCO2t−i + δ3 lnCRWt−i + δ4 lnECt−i

+ δ5 lnEPHt−i + δ6 lnEPNt−i + δ7 lnEUt−i + δ8 lnGDPt−i

+ εt

(6)

ΔlnEPHt � β0 +∑
k

i�1
β1Δ lnEPHt−i +∑

k

i�1
β2Δ lnCO2t−i

+∑
k

i�1
β3ΔlnCRWt−i +∑

k

i�1
β4Δ lnECt−i

+∑
k

i�1
β5Δ lnEPCt−i +∑

k

i�1
β6Δ lnEPNt−i

+∑
k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i + δ1 lnEPHt−i

+ δ2 lnCO2t−i + δ3 lnCRWt−i + δ4 lnECt−i

+ δ5 lnEPCt−i+δ6 lnEPNt−i + δ7 lnEUt−i

+ δ8 lnGDPt−i + εt

(7)

ΔlnEPNt � β0 +∑
k

i�1
β1Δ lnEPNt−i +∑

k

i�1
β2Δ lnCO2t−i +∑

k

i�1
β3ΔlnCRWt−i

+∑
k

i�1
β4Δ lnECt−i +∑

k

i�1
β5Δ lnEPCt−i +∑

k

i�1
β6Δ lnEPHt−i

+∑
k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i + δ1 lnEPNt−i

+ δ2 lnCO2t−i + δ3 lnCRWt−i + δ4 lnECt−i + δ5 lnEPCt−i

+ δ6 lnEPHt−i + δ7 lnEUt−i + δ8 lnGDPt−i + εt

(8)

ΔlnEUt � β0 +∑
k

i�1
β1Δ lnEUt−i +∑

k

i�1
β2Δ lnCO2t−i +∑

k

i�1
β3ΔlnCRWt−i

+∑
k

i�1
β4Δ lnECt−i +∑

k

i�1
β5Δ lnEPCt−i +∑

k

i�1
β6Δ lnEPHt−i

+∑
k

i�1
β7Δ lnEPNt−i +∑

k

i�1
β8Δ lnGDPt−i + δ1 lnEUt−i

+ δ2 lnCO2t−i + δ3 lnCRWt−i + δ4 lnECt−i + δ5 lnEPCt−i

+ δ6 lnEPHt−i + δ7 lnEPNt−i + δ8 lnGDPt−i + εt

(9)

ΔlnGDPt � β0 +∑
k

i�1
β1Δ lnGDPt−i +∑

k

i�1
β2Δ lnCO2t−i

+∑
k

i�1
β3ΔlnCRWt−i +∑

k

i�1
β4Δ lnECt−i

+∑
k

i�1
β5Δ lnEPCt−i +∑

k

i�1
β6Δ lnEPHt−i

+∑
k

i�1
β7Δ lnEPNt−i +∑

k

i�1
β8Δ lnEUt−i + δ1 lnGDPt−i

+ δ2 lnCO2t−i + δ3 lnCRWt−i + δ4 lnECt−i

+ δ5 lnEPCt−i

+ δ6 lnEPHt−i + δ7 lnEPNt−i + δ8 lnEUt−i + εt

(10)

TABLE 2 Descriptive statistics analysis for all variables.

Variables CO2 CRW EC EPC EPH EPN EU GDP

Mean 83,297.24 44.7045 287.0391 0.34043 41.9534 33.9936 397.1927 26,807.99

Median 75399.02 41.1281 333.6706 0.20233 42.9674 32.0126 415.9260 10982.65

Maximum 166298.5 62.7415 466.2284 1.21500 60.1374 50.7678 500.4321 128868.0

Minimum 18929.05 32.3677 90.97131 0.01696 25.2422 25.0309 284.9748 845.1903

Std. Dev 50778.56 10.1614 128.4237 0.32470 10.8197 6.52459 68.57704 34411.04

Skewness 0.340299 0.50287 −0.197185 1.26510 0.12953 0.74247 −0.294309 1.615055

Kurtosis 1.735938 1.74102 1.555455 3.57154 1.58156 2.70368 1.610542 4.559679

Jarque-Bera 3.778620 4.76037 4.110770 12.3357 3.81168 4.20355 4.174618 23.58804

Probability 0.151176 0.09253 0.128044 0.00209 0.14869 0.12224 0.124020 0.000008

Observations 44 44 44 44 44 44 44 44
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Where Δ is the first difference operator, β0 expresses the constant

term and the εt donates the residual term. In the previous

equations, the coefficients of the short-term relationships are

denoted by the symbols β1, β2, β3, β4, β5, β6, β7, β8 and the

coefficients of the long-term relationships are denoted by the

symbols δ1, δ2, δ3, δ4, δ5, δ6, δ7, δ8 in the earlier equations. After

validating the long-term relationships among the variables used

in this study, the short-term relationships among the variables

are now investigated by constructing the ARDL-associated error

correction model (ECM), which can be outlined as follows: The

research will now investigate the short-term relationships

between the variables through the construction of the ARDL-

associated error correction model (ECM).

Δln CO2t � β0 +∑
k

i�1
β1Δln CO2t−i +∑

k

i�1
β2ΔlnCRWt−i

+∑
k

i�1
β3Δ lnECt−i +∑

k

i�1
β4Δ lnEPCt−i

+∑
k

i�1
β5Δ lnEPHt−i +∑

k

i�1
β6Δ lnEPNt−i

+∑
k

i�1
β7Δ lnEUt−i +∑

k

i�1
β8Δ lnGDPt−i + θECMt−i + εt

(11)

4 Results and discussions

4.1 Descriptive statistics and correlation
statistics

Descriptive statistical analysis is initially designed to interpret

the main characteristics of all sample variables (Table 2).

Skewness measures how evenly the data are distributed, while

kurtosis measures how evenly the dispersion order is distributed.

EC and EU both have negative left skews, while all other variables

have positive right skews (Table 2). The normality of each

variable is determined using the Jarque-Bera test (J-B test).

The J-B test yields highly insignificant results at a significance

threshold of 5 percent, demonstrating the residuals of all

variables are normal. EPC and GDP exhibit a leptokurtic

distribution, meaning their respective kurtosis values are

above 3 (Table 2). As with the previous variables, a

plarykurtic distribution is characterized by a kurtosis value of

less than 3 (CO2, CRW, EC, EPH, EPN, and EU).

For all variables used in this study, correlation analysis is

measured to determine the intertwined relationship between one

variable and another (Table 3). The variables EC, EU and GDP

positively impact carbon dioxide emissions, with 96.31 percent,

94.53 percent and 87.95 percent, respectively. Figure 1 illustrates

the trend analysis for all the study variables.

4.2 Unit root test results

It is essential to know the stationarity situation of all variables

in the study before measuring the ARDL bounds technique. We

use the Augment Dickey and Fuller (ADF) test (Dickey and

Fuller 1979), Phillips-Perron (PP) test (Phillips and Perron 1988)

and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) unit root tests

such as ADF, PP, and KPSS were used to determine whether or

not the regressors and regressed variables were stationary

(Table 4). Findings show that almost all parameters at the I

(0) level are non-stationary, while most of the first difference I (1)

variables are stationary with a significance of 5%. From the

observations, no variable in the second difference I (2) is

stationary. These results prove that the ARDL limit method is

an appropriate tool for studying both short-term and long-term

relationships. The results may become meaningless and

deceptive if the data are not stable.

4.3 Lag order selection criteria and
breakpoint unit root test

When using the ARDL method, it is essential to determine the

appropriate delay lag length. To achieve this goal, the unconstrained

TABLE 3 Correlation matrix results.

Variables CO2 CRW EC EPC EPH EPN EU GDP

CO2 1.000000

CRW −0.925506 1.000000

EC 0.963146 −0.984993 1.000000

EPC −0.443318 0.514826 −0.480607 1.000000

EPH −0.863865 0.835173 −0.860855 0.090673 1.000000

EPN −0.317386 0.418977 −0.369811 0.333881 0.158794 1.000000

EU 0.945325 −0.994438 0.991550 −0.474846 −0.862162 −0.374397 1.000000

GDP 0.879570 −0.676627 0.754881 −0.366493 −0.680969 −0.331043 0.698113 1.000000
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FIGURE 1
The trend of data variables.
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TABLE 4 Results of unit root analysis.

Model ADF (Level) ADF (1st
difference)

PP (Level) PP (1st
difference)

KPSS (Level) KPSS (1st
difference)

t-stat (p-value) t-stat (p-value) Adj. t-stat
(p-value)

Adj. t-stat
(p-value)

t-stat
(5%critical value)

t-stat
(5%critical value)

Intercept

LnCO2 −3.026082 (0.0405) −4.107280 (0.0025) −0.839599 (0.7974) −8.085085 (0.0000) 0.819877 (0.463000) 0.240723 (0.463000)

LnCRW −1.785703 (0.3824) −5.086424 (0.0001) −1.602512 (0.4727) −5.189823 (0.0001) 0.802701 (0.463000) 0.377974 (0.463000)

LnEC −2.413102 (0.1442) −5.292864 (0.0001) −2.354395 (0.1604) −5.332037 (0.0001) 0.788707 (0.463000) 0.535982 (0.463000)

LnEPC −3.006211 (0.0422) −10.13871 (0.0000) −2.900292 (0.0536) −10.18196 (0.0000) 0.228332 (0.463000) 0.103388 (0.463000)

LnEPH −0.925191 (0.7706) −8.019723 (0.0000) −0.752204 (0.8223) −8.033104 (0.0000) 0.692785 (0.463000) 0.087170 (0.463000)

LnEPN −2.252799 (0.1916) −6.034363 (0.0000) −2.199370 (0.2095) −6.037549 (0.0000) 0.268460 (0.463000) 0.074809 (0.463000)

LnEU −2.111025 (0.2415) −5.085249 (0.0001) −1.986202 (0.2916) −5.110394 (0.0001) 0.794176 (0.463000) 0.434511 (0.463000)

LnGDP −0.828003 (0.8009) −5.885393 (0.0000) −0.818169 (0.8038) −5.901177 (0.0000) 0.848051 (0.463000) 0.123387 (0.463000)

Trend and Intercept

LnCO2 0.592654 (0.9993) −10.14878 (0.0000) −1.015463 (0.9311) −10.12443 (0.0000) 0.193036 (0.146000) 0.172160 (0.146000)

LnCRW 0.572397 (0.9992) −5.641914 (0.0002) 0.359686 (0.9984) −5.646239 (0.0002) 0.182000 (0.146000) 0.159303 (0.146000)

LnEC −0.062958 (0.9940) −6.350154 (0.0000) −0.096899 (0.9933) −6.362102 (0.0000) 0.206041 (0.146000) 0.102302 (0.146000)

LnEPC −3.047607 (0.1318) −10.11045 (0.0000) −2.979318 (0.1496) −10.15965 (0.0000) 0.106887 (0.146000) 0.072236 (0.146000)

LnEPH −2.394152 (0.3773) −7.943829 (0.0000) −2.303088 (0.4233) −7.955525 (0.0000) 0.111531 (0.146000) 0.075934 (0.146000)

LnEPN −2.323547 (0.4126) −5.961971 (0.0001) −2.332892 (0.4080) −5.965879 (0.0001) 0.109256 (0.146000) 0.070624 (0.146000)

LnEU 0.349508 (0.9983) −5.767993 (0.0001) 0.242678 (0.9976) −5.768735 (0.0001) 0.195336 (0.146000) 0.134639 (0.146000)

LnGDP −2.587052 (0.2878) −5.970172 (0.0001) −2.623399 (0.2725) −5.980846 (0.0001) 0.097564 (0.146000) 0.095712 (0.146000)

TABLE 5 Lag selection criteria.

Lag LogL LR FPE AIC SIC HQ

0 322.5841 NA 4.31e-17 −14.98020 −14.64921 −14.85888

1 671.9749 549.0427* 5.70e-23* −28.57023* −25.59137* −27.47836*

2 728.2945 67.04709 1.15e-22 −28.20450 −22.57776 −26.14208

*indicates lag order selected by the criterion. LR: sequential modified LR test statistic (each test at 5% level)FPE, Final prediction error; AIC, Akaike information criterion; SIC, Schwarz

information criterion; HQ, Hannan-Quinn information criterion.

TABLE 6 Breakpoint unit root test.

Variable At level form At 1st difference form

Time break T-stat Prob Time break T-stat Prob

LnCO2 1979 −2.851529 0.9450 1977 −10.96175 <0.01
LnCRW 2007 −2.485579 0.9845 2007 −7.190507 <0.01
LnEC 2007 −4.147082 0.2883 1992 −7.127278 <0.01
LnEPC 1994 −6.971931 <0.01 1982 −12.46661 <0.01
LnEPH 1995 −3.288859 0.8076 1980 −8.227809 <0.01
LnEPN 2001 −4.522811 0.1235 1976 −5.926067 <0.01
LnEU 2007 −2.379315 >0.99 2007 −6.955624 <0.01
LnGDP 1988 −4.295267 0.2094 1977 −7.295672 <0.01
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vector autoregression criterion (VAR) is utilized to select the optimal

number of model lags. Researchers often avoid long lags because

they lead to fewer degrees of freedom. The duration of the lagVAR is

determined based on a number of selection factors, with a rule of

thumb recommending the adoption of the lag determined by the

maximum information criterion. In most cases, the Akaike

information criterion (AIC) (Akaike 1974) and Schwarz

Information Criterion (SIC) (Schwarz 1978) are used as criteria.

The Akaike information criterion (AIC) architecture for selecting

lags was applied to determine the correct lags for the model in our

research. Based on the AIC and SIC data, the authors of this study

concluded that “1″ is the appropriate lag (Table 5). Previous studies
(Farhani andOzturk, 2015; Jebli and Ben Youssef, 2017; Xu and Lin,

2017; Rauf et al., 2018; Ali et al., 2019a; 2019c; Naseem et al., 2020)

used the AIC criterion to calculate the number of lag lengths in the

ADF test.

The time series reliability of the unit root test is unlikely to be

exceptionally high unless there are structural perturbations. As

an immediate consequence, the breakpoint unit root test is

performed sequentially. The unit root test findings reveal that

the null hypothesis cannot be rejected for most research variables

in the level format. After being identified in the 1990s, the

remaining 62.5 percent of structural breaks were found in the

2000s (Table 6).

4.4 ARDL bound testing and johansen co-
integration technique

After completing the unit root test, the next phase in this

investigation is to use the ARDL bound test technique. The

AIC and SIC are generally used as the basis for the ARDL

boundary test method because they tend to determine the

requirements more compactly. The value of F-statistic

(13.4477) surpasses the upper bounds of critical I (1) values

at a 1% significance level (3.9), indicating a long-term

relationship between CO2 emissions, CRW, EC, EPC, EPH,

EPN, EU, and GDP in Pakistan (Table 7). The results

indicate that there is no co-integration and the

alternative hypothesis of co-integration is confirmed.

Figure 2 estimated the appropriate lag order for the ARDL

(1,1,1,0,0,1,1,0) model using the Akaike information criterion

(AIC) technique.

To assess the long-term relationship between CO2 emissions,

CRW, EC, EPC, EPH, EPN, EU, and GDP, the study provides an

overview of Johansen’s co-integration approach (Johansen and

Juselius, 1990) (Table 8). Six co-integration equations are

statistically significant at the 5 percent level, as determined by

the trace statistics test. Five co-integration equations are

statistically significant at the 5 percent level, as indicated by

the maximum eigenvalue test. According to the Trace Statistic

and Maximum Eigenvalue outcomes, there is a long-standing

relationship between variables under investigation.

4.5 Short-run and long-run estimates

The short-run and long-run dynamic impacts of study

parameters are presented in Table 9. Both the LnCRW and

LnEU coefficients have a negative impact on long-term CO2

TABLE 7 ARDL Bound Test for co-integration.

Model F-value Significant level (%) Critical bound value Conclusion

I (0) I (1)

ARDL (1,1,1,0,0,1,1,0) k (7) 13.4477 10 1.92 2.89 Co-integration

5 2.17 3.21

2.5 2.43 3.51

1 2.73 3.9

FIGURE 2
ARDL model selection criterion.
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emissions (LnCO2), as shown by the short-run elasticity values

at the 1% significance level (Table 9). Changes of only one

percent in the coefficients of LnCRW and LnEU result in a

reduction in carbon dioxide emissions of 5.6526 and 4.495%,

respectively. Contrary to previous studies that found a positive

and significant relationship between CO2 emissions and

energy use in the short and long run (Sarkodie 2018;

Sarkodie and Adams, 2018; Wang et al., 2018; Bekun et al.,

2019). These studies concluded that carbon dioxide emissions

have a positive effect on energy use. The effect of the

coefficient of LnEPN on carbon dioxide emissions is both

favourable and significant. Carbon dioxide emissions increase

by 0.0568 percentage points for every 1 percent change in

LnEPN. When applied to short-term calculations, the ECM

shows transition rate from the short-term to the long-term.

The ECT (-1) experiment produced a negative result,

statistically significant at the 1% level. According to the

ECT (-1) results, the divergence between the short-term

and long-term equilibrium CO2 emissions is corrected by

86.6 percent annually. A previous study indicated that an

increase in economic growth and electricity consumption in

the agriculture sector decreases environmental quality in

Pakistan (Chandio et al., 2019).

The long-run relationship shows that three regressors

(LnEC, LnEPH and LnGDP) impact the level of LnCO2

emissions positively significant, while the LnCRW, LnEPC

coefficients have a negative and significant association with

Pakistan’s LnCO2 emissions throughout the sample period

(Table 9). A one percent increase in the coefficients of LnEC,

LnEPH, and LnGDP results in an increase in LnCO2 emissions

of 0.2953 percent, 0.117 percent, and 0.1754 percent,

respectively. The outcomes also display that a 1 percent

increase in the coefficients of LnCRW and LnEPC will

decrease LnCO2 emissions by 2.8288 percent and

0.0164 percent. The remaining variables (LnEPN and

LnEU) have a negative and insignificant relationship with

LnCO2 emissions.

This research also investigates the long-run estimates by

running CCR, FMOLS and DOLS estimate. FMOLS estimates

show that for each percent increase in LnCRW, CO2 emissions

TABLE 8 Johansen method of unrestricted co-integration results.

Trace results

Hypothesized
number of CE(s)

Eigenvalue Trace Statistic 0.05 Critical Value Prob.**

None * 0.831358 282.2583 159.5297 0.0000

At most 1 * 0.790727 209.2792 125.6154 0.0000

At most 2 * 0.678136 145.1504 95.75366 0.0000

At most 3 * 0.590095 98.67173 69.81889 0.0001

At most 4 * 0.543586 62.10666 47.85613 0.0013

At most 5 * 0.327048 29.94814 29.79707 0.0480

At most 6 0.212408 13.70882 15.49471 0.0913

At most 7 * 0.091160 3.919040 3.841466 0.0477

Maximum Eigenvalue results

Hypothesized
Number of CE(s)

Eigenvalue Max-Eigen Statistic 0.05 Critical Value Prob.**

None * 0.831358 72.97905 52.36261 0.0001

At most 1 * 0.790727 64.12880 46.23142 0.0003

At most 2 * 0.678136 46.47870 40.07757 0.0083

At most 3 * 0.590095 36.56507 33.87687 0.0233

At most 4 * 0.543586 32.15851 27.58434 0.0120

At most 5 0.327048 16.23932 21.13162 0.2112

At most 6 0.212408 9.789780 14.26460 0.2261

At most 7 * 0.091160 3.919040 3.841466 0.0477

* denotes rejection of the hypothesis at the 0.05 level.

**MacKinnon-Haug-Michelis (1999) p-values.
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decrease by 4.7625 percent; for each percent increase in LnEC,

CO2 emissions increase by 0.2379 percent; for each

percent increase in LnEPH, CO2 emissions increase by

0.1839 percent; and for each percent increase in LnGDP,

CO2 emissions increase by 0.1414 percent in Table 10.

Similarly, the outcome from DOLS estimates show that

a 1 percent rise in LnEC, LnEPH and LnGDP will

increase CO2 emissions by 0.2733 percent,

0.1621 percent and 0.1246 percent, respectively. Results

from FMOLS, DOLS and CCR estimations gave similar

results. Therefore, it can be said that the findings of this

study are robust.

4.6 ARDL diagnostic tests

In addition, to measure model dependability, this

research applied Cumulative sum (CUSUM) and

Cumulative sum of the square of the recursive residuals

(CUSUMsq) tests. To calculate the performance of the

existing model, both the CUSUM and CUSUMsq tests

(Brown, Durbin, and Evans 1975) are suggested. It is

abundantly clear that the crucial values are within the 5%

significance level, indicating that all calculated parameters

remained constant during the sample period (Figure 3).

Therefore, the recommended ARDL approach is

appropriate and effective. Many researchers have

performed CUSUM and CUSUMsq tests to verify the

model’s stability (Mackinnon et al., 1999; Xiao and

Phillips, 2002; Lee et al., 2003; Seker et al., 2015; Jebli and

Ben Youssef, 2017; Khan S. et al., 2018; Koondhar, 2021; Ali

et al., 2019a; Ali et al., 2019b).

To confirm the reliability of the proposed model, residual

diagnostic tests are performed, such as the Breusch-Godfrey

serial correlation LM test and the heteroscedasticity test

(Table 11). The stability vector autoregression test (VAR)

suggested by Pesaran et al. (2001) demonstrates the inverse

root estimate of the polynomial AR (Figure 4). All red points

are visible within the circle shown on the model, indicating that

our model is well constructed for this study.

4.7 Pairwise Granger causality and
variance decomposition analysis

A pairwise Granger causality test was also used in the study

to determine how reliable the model (Granger and Jji 1988), to

clarify causality quickly, and correctly determine the dynamic

point of view. This was done to determine the dynamic point

of view accurately. Table 12 displays the results of a paired

Granger causality test. This test determines whether or not

there is a statistically significant link between the study

variables and the direction of those correlations. It does so

by examining the strength of the correlations between the

study variables. The Granger test for directionality

demonstrates that the flow of causation between the

variables only goes in unidirectional from LnEC → LnCO2,

LnEU → LnCO2, LnEU → LnCRW, LnEPC → LnEC, LnEPC

→ LnEPN, LnEPN → LnEPH and LnGDP → LnEPH,

respectively. The outcomes from preceding studies (Shahbaz

e al., 2012; Balsalobre-Lorente et al., 2018; Bekun et al., 2019)

reported there is a unidirectional causal relationship between

energy use and CO2 emissions. The outcomes also display that

there is bidirectional causality between LnEPH ↔ LnCO2,

LnEC↔ LnCRW, LnEPH↔ LnCRW, LnEPH↔ LnEC, LnEU

↔ LnEC and LnEU ↔ LnEPH respectively.

To evaluate the model’s efficacy, the pairwise Granger

causality test and variance decomposition are calculated and

analyzed for all variables in the research. The outcomes of

the Cholesky random intervention strategy are shown in

Table 13 of this study. According to the results, nearly

0.75 percent of forthcoming variants in LnCO2 are

attributable to interference in LnCRW; 26.6% of

forthcoming variations in LnCO2 are attributable to

interference in LnEC; 1.03 percent of long-term variations

in LnCO2 are attributable to interference in LnEPC;

2.71 percent of forthcoming variants in LnCO2 are

TABLE 9 Short-run and long-run relationship estimates ARDL
(1,1,1,0,0,1,1,0).

Dependent variable = LnCO2

Variable Coefficient Std. Error t-Statistic Prob

Short-run results

D (LnCRW) −5.652699***
0.762794

−7.410516 0.0000

D (LnEC) 0.067118
0.073320

0.915401 0.3673

D (LnEPN) 0.056815*
0.030695

1.850918 0.0740

D (LnEU) −4.492581***
0.808948

−5.553608 0.0000

ECT (-1) −0.866867***
0.070012

−12.38162 0.0000

Long-run results

LnCRW −2.828819*** 0.922292 −3.067162 0.0045

LnEC 0.295365** 0.109241 2.703785 0.0112

LnEPC −0.016434** 0.006514 −2.522776 0.0172

LnEPH 0.117060* 0.057799 2.025313 0.0518

LnEPN −0.001519 0.036916 −0.041155 0.9674

LnEU −1.650394 1.054587 −1.564967 0.1281

LnGDP 0.175426*** 0.020230 8.671792 0.0000

C 27.91908*** 9.658828 2.890525 0.0071

EC = LnCO2 - (- 2.8288×LnCRW +0.2954×LnEC - 0.0164×LnEPC +0.1171×LnEPH

-0.0015×LnEPN - 1.6504×LnEU +0.1754×LnGDP +27.9191)

***, **, and * stands for 0.01, 0.05, and 0.10 significance level respectively.
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attributable to interference in LnEPH; and 2.7% of

forthcoming variants in LnCO2 are attributable to

interference in LnEPH.

Description from the table indicates that nearly 40.1 percent

of the forthcoming variations in LnCRW is due to disturbance

in the LnCO2, 18.6 percent of forthcoming variants in the

LnCRW is attributable to disruption in LnEC, 5.52 percent

of forthcoming variants in the LnCRW is attributable to

disruption in LnEPC, 2.87 percent of forthcoming variants

in the LnCRW is forthcoming variants in LnEPH, 12 percent

of forthcoming variants in the LnCRW is forthcoming variants

in LnEPN, 0.1 percent of forthcoming variants in the LnCRW is

due to disruption in LnEU, and 9.61 percent of forthcoming

variants in the LnCRW is due to disruption in LnGDP

respectively.

Furthermore, verification from the outcomes show that

almost 28.8 percent of the forthcoming variants in LnEC is due

to disturbance in the LnCO2, 2.82 percent of forthcoming

variants in the LnEC is attributable to disruption in LnCRW,

0.59 percent of forthcoming variants in the LnEC is

attributable to disruption in LnEPC, 1.17 percent of

forthcoming variants in the LnEC is attributable to

disruption in LnEPH, 5.11 percent of forthcoming variants

in the LnEC is attributable to disruption in LnEPN,

0.21 percent of forthcoming variants in the LnEC is

attributable to disruption in LnEU, and 3.87 percent of

future variations in the LnEC is attributable to disruption

in LnGDP respectively.

Moreover, the outcomes in the table display that almost

6.44 percent of the forthcoming variants in LnEPC is

FIGURE 3
Stability test based on (A) CUSUM and (B) CUSUM of squares.

TABLE 10 FMOLS, DOLS and CCR Long-run coefficient estimates.

Dependent
variable

LnCO2

FMOLS DOLS CCR

Variable Coefficient T-stat Prob Coefficient T-stat Prob Coefficient T-stat Prob

LnCRW −4.7625*** −7.3282 0.0000 −5.1396*** −6.5961 0.0000 −5.0686*** −8.8693 0.0000

LnEC 0.2379*** 3.2578 0.0025 0.2733** 2.6755 0.0112 0.2327** 2.6189 0.0130

LnEPC −0.0118* −2.0236 0.0507 −0.0123 −1.5111 0.1395 −0.0121 −1.5956 0.1196

LnEPH 0.1839*** 4.0027 0.0003 0.1621** 2.5320 0.0158 0.1885*** 3.4990 0.0013

LnEPN −0.0391 −1.4312 0.1612 −0.0386 −1.0199 0.3146 −0.0464 −1.5341 0.1340

LnEU −3.5034*** −4.8667 0.0000 −3.9782*** −4.5883 0.0001 −3.8190*** −5.8634 0.0000

LnGDP 0.1414*** 8.9754 0.0000 0.1246*** 6.3388 0.0000 0.1356*** 9.1519 0.0000

C 46.806*** 6.9867 0.0000 51.1025*** 6.3957 0.0000 49.937*** 8.5230 0.0000
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attributable to disruption in the LnCO2, 5.15 percent of

forthcoming variants in the LnEPC is attributable to

disruption in LnCRW, 0.99 percent of forthcoming

variants in the LnEPC is attributable to disruption in

LnEC, 7.06 percent of forthcoming variants in the LnEPC

is attributable to disruption in LnEPH, 0.56 percent of

forthcoming variants in the LnEPC is attributable to

disruption in LnEPN, 0.86 percent of forthcoming

variants in the LnEPC is attributable to disruption in

LnEU, and 1.45 percent of forthcoming variants in the

LnEPC is attributable to disruption in LnGDP respectively.

In conclusion, the results in the table illustrate that almost

1.99 percent of the forthcoming variants in LnGDP is

attributable to disruption in the LnCO2, 5.06 percent of

forthcoming variants in the LnGDP is attributable to

disruption in LnCRW, 0.28 percent of forthcoming variants

in the LnGDP is attributable to disruption in LnEC,

9.97 percent of forthcoming variants in the LnGDP is

attributable to disruption in LnEPC, 7.02 percent of

forthcoming variants in the LnGDP is attributable to

disruption in LnEPH, 38.3 percent of forthcoming variants

in the LnGDP is attributable to disruption in LnEPN, and

6.8 percent of forthcoming variants in the LnGDP is

attributable to disruption in LnEU respectively.

4.8 Impulse response analysis

After the Pairwise Granger causality test’s estimation, the

model’s efficacy will be tested using the Impulse response

analysis. This analysis signifies the mechanism through which

any certain shock (positive or negative) exhibits spread over

time. Figure 5 displays the impulse response of CO2 emissions

to the elasticity coefficient of CRW, EC, EPC, EPH, EPN, EU

and GDP within 10-period horizons, respectively. The results

display that the response of CO2 emissions to LnEC, LnEPN

and LnEU is significant inside 10-period. The early response of

CO2 emissions to LnCRW is negative over a 2-period and then

starts increasing upward over a 9-period horizon. Similarly,

the response of CO2 emissions to LnEPC is negative over a 4-

period and abruptly starts an upward trend over a 10-period

horizon. However, the initial response of CO2 emissions to

LnEPH is positive over a 5-period and then starts decreasing

over a 10-period. Furthermore, the response of CO2 emissions

to LnGDP is negative and shows decreasing trend within a 10-

period. Figure 6 illustrates the response of LnCRW, LnEC,

LnEPC, LnEPH, LnEPN, LnEU and LnGDP to CO2 emissions,

respectively.

5 Conclusion and policy
recommendations

This research explores the relationship between carbon

dioxide emissions (CO2), combustible renewable and waste

(CRW), electric power consumption (EC), electricity

production from coal (EPC), hydroelectric (EPH) and

natural gas (EPN) sources, energy use (EU) and gross

domestic product (GDP). This study considered annual

data from 1971 to 2014 to estimate the potential

relationship between the selected variables for Pakistan.

The empirical evidence has been developed by employing

unit root tests and the co-integration method used under

the Autoregressive distributed lag (ARDL) model. According

to the estimation results, the relationship between the

dependent and independent variables is both long-term and

short-term. The findings of the FMOLS, DOLS and CCR

estimation revealed that the coefficients of EC, EPH and

GDP all were significantly positive relationship with carbon

dioxide emissions, while the coefficients of CRW, EPC and EU

TABLE 11 Diagnostic tests results.

Breusch-Godfrey serial correlation LM test

F-statistic 0.169372

Observed R-squared 0.513995

Prob. F (2,28) 0.8451

Prob. Chi-Square (2) 0.7734

Heteroskedasticity Test: Breusch-Pagan-Godfrey

F-statistic 1.040947

Observed R-squared 12.64089

Scaled explained SS 4.834388

Prob. F (12,30) 0.4397

FIGURE 4
Checking the stability of vector autoregression (VAR).
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TABLE 12 Pairwise Granger causality relationship.

Null hypothesis Causality Observation F-statistic Probability

LnCRW # > LnCO2 LnCRW ≠ LnCO2 43 1.56780 0.2178

LnCO2 # > LnCRW 0.01521 0.9025

LnEC # > LnCO2 LnEC → LnCO2 43 13.8331*** 0.0006

LnCO2 # > LnEC 0.63786 0.4292

LnEPC # > LnCO2 LnEPC ≠ LnCO2 43 2.40070 0.1292

LnCO2 # > LnEPC 0.47335 0.4954

LnEPH # > LnCO2 LnEPH ↔ LnCO2 43 4.69852** 0.0362

LnCO2 # > LnEPH 5.97543** 0.0190

LnEPN # > LnCO2 LnEPN ≠ LnCO2 43 0.02218 0.8824

LnCO2 # > LnEPN 0.52272 0.4739

LnEU # > LnCO2 LnEU → LnCO2 43 4.96945** 0.0315

LnCO2 # > LnEU 0.12143 0.7293

LnGDP # > LnCO2 LnGDP ≠ LnCO2 43 0.90983 0.3459

LnCO2 # > LnGDP 0.04682 0.8298

LnEC # > LnCRW LnEC ↔ LnCRW 43 15.7234*** 0.0003

LnCRW # > LnEC 2.91475* 0.0955

LnEPC # > LnCRW LnEPC ≠ LnCRW 43 1.95680 0.1696

LnCRW # > LnEPC 0.31108 0.5801

LnEPH # > LnCRW LnEPH ↔ LnCRW 43 10.6808*** 0.0022

LnCRW # > LnEPH 8.22586*** 0.0066

LnEPN # > LnCRW LnEPN ≠ LnCRW 43 0.43187 0.5148

LnCRW # > LnEPN 0.48443 0.4904

LnEU # > LnCRW LnEU → LnCRW 43 4.02280* 0.0517

LnCRW # > LnEU 1.78396 0.1892

LnGDP # > LnCRW LnGDP ≠ LnCRW 43 1.13483 0.2931

LnCRW # > LnGDP 0.64689 0.4260

LnEPC # > LnEC LnEPC → LnEC 43 5.22327** 0.0277

LnEC # > LnEPC 0.40150 0.5299

LnEPH # > LnEC LnEPH ↔ LnEC 43 4.27861** 0.0451

LnEC # > LnEPH 6.95738** 0.0118

LnEPN # > LnEC LnEPN ≠ LnEC 43 0.30475 0.5840

LnEC # > LnEPN 0.47753 0.4935

LnEU # > LnEC LnEU ↔ LnEC 43 2.92384* 0.0950

LnEC # > LnEU 14.6783*** 0.0004

LnGDP # > LnEC LnGDP ≠ LnEC 43 0.42445 0.5184

LnEC # > LnGDP 0.07072 0.7917

LnEPH # > LnEPC LnEPH ≠ LnEPC 43 0.00056 0.9812

LnEPC # > LnEPH 0.00244 0.9608

LnEPN # > LnEPC LnEPC → LnEPN 43 0.35474 0.5548

LnEPC # > LnEPN 7.68600*** 0.0084

LnEU # > LnEPC LnEU ≠ LnEPC 43 0.31314 0.5789

LnEPC # > LnEU 1.70182 0.1995

LnGDP # > LnEPC LnGDP ≠ LnEPC 43 0.65899 0.4217

LnEPC # > LnGDP 0.20435 0.6537

LnEPN # > LnEPH LnEPN → LnEPH 43 3.90426* 0.0551

LnEPH # > LnEPN 0.00683 0.9345

LnEU # > LnEPH LnEU ↔ LnEPH 43 7.71484*** 0.0083

LnEPH # > LnEU 7.95356*** 0.0074

LnGDP # > LnEPH LnGDP → LnEPH 43 3.93211* 0.0543

LnEPH # > LnGDP 0.77592 0.3837

LnEU # > LnEPN LnEU ≠ LnEPN 43 0.58482 0.4489

LnEPN # > LnEU 0.98846 0.3261

LnGDP # > LnEPN LnGDP ≠ LnEPN 43 0.52729 0.4720

LnEPN # > LnGDP 2.31556 0.1360

LnGDP # > LnEU LnGDP ≠ LnEU 43 1.22774 0.2745

LnEU # > LnGDP 0.37065 0.5461

“# >” indicates does not granger cause, “≠” symbolizes no granger causality, “→” symbolizes unidirectional causality and “↔” symbolizes bidirectional causality.

***, **, and * stands for 0.01, 0.05, and 0.10 significance level.

Sources: Author’s estimation.
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TABLE 13 Variance decomposition using cholesky ordering: LnCO2, LnCRW, LnEC, LnEPC, LnEPH, LnEPN, LnEU and LnGDP.

Period S.E. LnCO2 LnCRW LnEC LnEPC LnEPH LnEPN LnEU LnGDP

Variance decomposition of LnCO2

1 0.027443 100.0000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

2 0.040642 83.45538 6.575128 6.426735 0.554390 1.086847 0.015624 1.467372 0.418521

3 0.065074 67.75046 2.647804 21.54661 0.231937 5.423444 0.089522 1.306565 1.003658

4 0.086490 66.18157 1.580789 23.19708 0.459191 3.356063 0.706956 2.000512 2.517833

5 0.105567 64.09321 1.441959 25.46671 0.364318 2.484289 1.585534 1.696791 2.867190

6 0.125661 62.86780 1.401605 26.92414 0.275720 1.771898 1.650094 1.606037 3.502704

7 0.143793 62.03711 1.276913 27.08736 0.253914 1.689871 2.020429 1.580459 4.053952

8 0.160190 61.48203 1.053300 27.17064 0.382935 1.961424 2.162423 1.456647 4.330601

9 0.176116 60.56550 0.872171 27.11790 0.673634 2.304491 2.364207 1.365574 4.736527

10 0.191099 59.69461 0.751117 26.66375 1.032697 2.715045 2.707794 1.257319 5.177663

Variance Decomposition of LnCRW

1 0.016696 37.61338 62.38662 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

2 0.024004 29.35395 65.09910 2.007809 0.022972 3.072909 0.000999 0.150121 0.292140

3 0.033454 32.82512 44.19464 9.045884 0.704225 6.074726 3.956372 0.310286 2.888745

4 0.041427 36.26451 32.08048 11.87179 0.507807 6.092505 7.611183 0.322352 5.249375

5 0.050694 39.31852 22.00268 16.75428 0.956422 4.235886 9.683804 0.222537 6.825879

6 0.059095 41.69154 16.73212 18.71433 1.476183 3.142856 10.43718 0.167208 7.638580

7 0.067384 42.54271 13.64221 19.43440 2.310816 2.832862 10.81115 0.129442 8.296417

8 0.075241 42.41545 12.06272 19.48755 3.325205 2.748690 11.14469 0.106945 8.708750

9 0.083140 41.72104 11.09004 19.17899 4.446242 2.840833 11.45589 0.096155 9.170805

10 0.090828 40.71480 10.45446 18.68535 5.527601 2.877479 12.01745 0.108697 9.614171

Variance Decomposition of LnEC

1 0.048176 22.47626 1.444014 76.07973 0.000000 0.000000 0.000000 0.000000 0.000000

2 0.077321 23.97010 0.674265 73.27490 0.184425 1.163016 0.002250 0.717823 0.013222

3 0.102385 25.16242 0.768253 67.71677 0.314447 1.346028 2.600505 0.768323 1.323257

4 0.127504 24.87219 1.701769 64.41460 0.276763 2.180872 3.983263 0.524340 2.046205

5 0.155278 25.98007 3.193305 61.64368 0.188405 1.515511 4.243015 0.422132 2.813882

6 0.177393 27.04072 3.708066 59.95860 0.144806 1.196172 4.583313 0.349702 3.018616

7 0.197294 27.82400 3.615816 59.33264 0.182023 1.098587 4.503915 0.297539 3.145479

8 0.215507 28.36514 3.359894 58.62357 0.277272 1.094560 4.618692 0.272517 3.388360

9 0.231976 28.74034 3.071324 57.91059 0.402171 1.160398 4.848804 0.241931 3.624444

10 0.248020 28.85563 2.828653 57.33886 0.591214 1.178319 5.119144 0.212475 3.875709

Variance Decomposition of LnEPC

1 0.747882 6.287854 1.673985 0.081616 91.95655 0.000000 0.000000 0.000000 0.000000

2 0.908127 8.207811 1.762795 1.027057 85.96968 1.717423 0.515570 0.132118 0.667550

3 1.112070 5.663839 3.879414 2.547811 83.47880 1.216390 0.420374 0.178759 2.614615

4 1.246496 6.083198 5.098332 2.085275 81.81520 1.096893 0.851538 0.521034 2.448527

5 1.393950 6.046531 6.209266 1.684059 81.23897 1.319537 0.770344 0.535182 2.196116

6 1.530059 6.433666 6.440464 1.425698 79.00204 3.491851 0.641281 0.589704 1.975296

7 1.631764 6.345895 6.099671 1.268208 79.05329 4.076735 0.583063 0.709149 1.863988

8 1.729789 6.405646 5.685872 1.162198 78.30523 5.399396 0.526919 0.816978 1.697765

9 1.814923 6.326709 5.403486 1.070401 78.08583 6.128510 0.559680 0.848674 1.576707

10 1.893615 6.444337 5.153742 0.991691 77.45362 7.060577 0.567873 0.869947 1.458216

Variance Decomposition of LnEPH

1 0.081701 6.599583 3.122721 4.415451 0.022851 85.83939 0.000000 0.000000 0.000000

2 0.111664 5.745210 18.18958 8.795536 2.496006 60.17467 0.510474 2.248152 1.840377

3 0.134900 4.003262 25.39368 8.022505 9.925543 48.03933 0.561835 2.556453 1.497388

(Continued on following page)

Frontiers in Environmental Science frontiersin.org17

Ali et al. 10.3389/fenvs.2022.1075730

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2022.1075730


were negatively significant, respectively. The short-run

analysis indicates that the coefficients of CRW and EU

were negative and significantly associated with CO2

emissions. Furthermore, the outcomes from short-run

analysis also indicated that the value of ECT was −0.8668,

which describes that the variance of CO2 emissions from

short-run to long-run equilibrium is adjusted by

86.68 percent annually.

The scope of the study was limited to the following variables

in the context of Pakistan: i.e., carbon dioxide emissions,

combustible renewable and waste, electric power consumption,

electricity production from coal, hydroelectric and natural gas

TABLE 13 (Continued) Variance decomposition using cholesky ordering: LnCO2, LnCRW, LnEC, LnEPC, LnEPH, LnEPN, LnEU and LnGDP.

Period S.E. LnCO2 LnCRW LnEC LnEPC LnEPH LnEPN LnEU LnGDP

4 0.155946 3.477996 26.87983 9.837307 11.13194 39.63478 4.098439 3.258450 1.681255
5 0.173535 3.094542 26.90252 9.763313 13.77264 33.62822 5.530273 5.820612 1.487891

6 0.187146 2.778659 25.73153 9.414768 16.35551 29.54115 7.092627 7.396556 1.689202

7 0.200438 2.509946 24.64460 9.767522 17.52222 26.29852 8.607041 8.883032 1.767109

8 0.211279 2.403736 23.83602 9.865608 18.47216 23.80779 9.344219 10.59157 1.678905

9 0.220444 2.253900 23.20957 9.868978 19.37629 21.94918 9.931284 11.74366 1.667133

10 0.228708 2.186355 22.74848 10.24232 19.58657 20.42600 10.43458 12.78326 1.592451

Variance Decomposition of LnEPN

1 0.090973 3.432280 9.339727 5.081397 13.29596 21.94939 46.90125 0.000000 0.000000

2 0.128304 8.323823 12.72491 3.811700 6.743816 14.17242 52.57135 0.552563 1.099417

3 0.178608 4.976532 19.05691 2.032556 3.848464 14.78050 47.12962 0.329182 7.846238

4 0.226482 3.368531 17.86114 1.302058 2.638210 23.96424 42.79853 0.259406 7.807891

5 0.262950 2.968132 15.52512 0.977525 3.048094 31.67800 38.48031 0.462700 6.860123

6 0.298289 2.780330 12.67404 0.904124 4.200788 35.78108 36.27938 0.472198 6.908060

7 0.331855 3.030344 10.38536 1.244227 5.021067 37.22588 35.57204 0.633973 6.887115

8 0.362709 3.197696 8.859653 1.244747 6.178770 37.03267 35.50008 0.904671 7.081712

9 0.392588 3.217335 7.786174 1.255962 7.098074 36.26627 35.83930 1.138624 7.398265

10 0.420891 3.259911 7.033617 1.290593 7.750873 35.36340 36.27799 1.432483 7.591141

Variance Decomposition of LnEU

1 0.016477 27.75636 68.87732 0.292931 0.484279 0.096581 0.371177 2.121353 0.000000

2 0.023850 20.81729 66.95907 4.826151 1.044623 2.237400 0.341251 3.383870 0.390348

3 0.032680 24.89014 46.53094 13.81155 0.556465 5.081178 2.596115 3.898819 2.634796

4 0.039960 28.55933 34.17099 17.42413 0.627134 5.164677 5.385469 3.955729 4.712542

5 0.048085 32.36723 24.12301 22.79541 0.451185 3.652193 7.141002 3.316471 6.153499

6 0.055449 35.29533 18.65963 25.14455 0.440717 2.820552 7.741015 2.953212 6.944998

7 0.062656 36.79561 15.42696 25.97275 0.679812 2.825117 8.048792 2.667490 7.583469

8 0.069380 37.25045 13.82531 26.08199 1.128638 2.986712 8.349700 2.385826 7.991380

9 0.076151 37.08556 12.85341 25.73757 1.767956 3.275173 8.668791 2.127565 8.483963

10 0.082691 36.56185 12.23432 25.16663 2.454914 3.456261 9.260811 1.877764 8.987453

Variance Decomposition of LnGDP

1 0.054049 0.020282 0.617504 1.012296 0.484841 16.58647 35.87505 0.519224 44.88433

2 0.079041 0.138743 1.779772 0.626563 1.709968 14.75408 40.59999 1.560091 38.83079

3 0.101172 1.038492 5.837334 0.820503 3.552008 10.59152 39.78702 3.128544 35.24458

4 0.120215 1.583356 6.290614 0.643915 5.346705 8.545909 39.64162 3.831866 34.11602

5 0.135681 1.759829 6.118178 0.508311 6.780459 7.350382 39.43114 4.694223 33.35748

6 0.150531 1.863817 5.689379 0.443776 8.104571 6.826449 39.09300 5.352131 32.62687

7 0.164406 1.928746 5.311719 0.377488 8.960474 6.622598 38.89973 5.827372 32.07187

8 0.178090 1.925159 5.090013 0.328915 9.467433 6.657663 38.82735 6.243178 31.46029

9 0.191313 1.949149 5.011167 0.301973 9.806680 6.860396 38.59379 6.569240 30.90761

10 0.203809 1.994804 5.064815 0.285190 9.970003 7.020551 38.39777 6.803929 30.46294
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sources, energy use and gross domestic product. Pakistan was

chosen as the focus of this study project because the country

has experienced an increase in the severity of its power

outages and pollution of its natural habitats, both of

which directly impact the country’s economic growth and

carbon dioxide emissions. However, the consequences may

differ in other developing countries operating in the same

environment. To implement a low-carbon energy system,

Pakistan will need significant planning and financing, in

addition to concerted efforts across a wide range of

economic sectors. In summary, the main policy

recommendation from this study is that Pakistan’s

environmental authorities should pursue conservative

energy policies, as these policies will not negatively impact

the country’s economic development. Expanding Pakistan’s

energy portfolio to include renewable energy sources such as

FIGURE 5
Impulse response of CO2 emissions to other variables.
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biofuel, solar and wind energy is necessary to create a greener

environment in the country.

Despite the fact that the present study produced significant

empirical findings in the context of Pakistan, there are several

shortcomings in our analysis that might be addressed in future

studies. One of the drawback of our analysis is the unavailability

of the data for some parameters which can have potential impact

on carbon emissions in Pakistan. Future studies will need to

FIGURE 6
Impulse response of other variables to CO2 emissions.
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consider a number of other essential aspects, such as value added

by the industrial sector, value added by agriculture, population,

level of financial development, foreign direct investment, etc., to

produce useful results. Furthermore, this study utilized CO2

emissions as an indicator for environmental pollution from

GHGs emissions. More research could be done utilizing

consumption-based carbon emissions as a proxy for

environmental pollution, as well as other emission indicators,

such as nitrous oxide, sulfur dioxide, methane and other short-

lived climate forces. Nevertheless, CO2 emission is regarded as a

proxy for environmental pollution in this study, which is not the

only cause of declining environmental sustainability. Additional

indicators of environmental pollution, such as water pollution

and land pollution, may be investigated in the future.
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