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Abstract
Environmental degradation has become a major concern across South Asia; this study examines the impact of energy consumption, economic growth (GDP), and foreign direct investment (FDI) on environmental degradation measured by CO2 emission in four South Asian countries: Bangladesh, India, Pakistan, and Sri Lanka from 1972 to 2022 with reference to Environment Kuznets Curve (EKC). Using secondary data from the World Development Indicators, the study employed various econometric techniques. First, it conducted unit root tests to assess the stationarity of the variables. Next, panel cointegration tests were used to determine long-run relationships. Descriptive statistics provided a summary of the data, while three panel ARDL estimation techniques (PMG, MG, and FE) were employed to estimate the models. Finally, a heterogeneous panel causality test was conducted to investigate causal relationships between the variables. The findings indicate that Energy consumption and GDP exhibit a significant positive impact on greenhouse gas emissions in the short run. While in the long run, Energy consumption and FDI has a positive significant impact, whereas GDP squares (representing the inverted U-shaped EKC) exert a negative significant impact, validating the EKC. Furthermore, based on these findings, several environmental welfare improvement related policy recommendations are suggested, including promoting green investment, monitoring and regulating foreign direct investment, fostering sustainable economic growth, and encouraging economic diversification, while encouraging the exploration of alternative economic indicators for future work.
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I INTRODUCTION
South Asia is a region of prosperity, a growing, and developing economy, and huge natural resources enrich the region. However Recently, the destruction of the environment has emerged as a major concern in South Asia. As a result, it has become critical to understand the macroeconomic drivers that impact on quality of the environment across this region. South Asian economies have significantly contributed to global output, particularly exports (Murshed et al., 2022). However, despite their rapid growth, South Asian nations have struggled to protect their ecological resources. For instance, regarding the quality of air, Bangladesh, India, and Pakistan, three of the region’s largest economies, are ranked among the top five most polluted countries in the world. Additionally, 26 of the 30 most severely polluted cities worldwide are in South Asia. (World Air Quality Index (AQI) Ranking | IQAir, 2023). Conversely, the aggregate per capita carbon dioxide (CO2) emissions in South Asian nations nearly doubled between 2000 and 2023 period though the total Greenhouse Gas (GHG) emanations improved by more than 1.8 times during the same period (South Asia | Data, 2023.). 
In response to this concern, the United Nations Framework Convention on Climate Change (UNFCCC) was founded to combat climate change on an international scale. The primary solution to combating climate change is the reduction of GHG emissions, which many countries have committed to accomplish through agreements; Kyoto Protocol. In addition, the region established The Asia Sustainable and Alternative Energy Program (ATAE) in 1992 as a global collaboration program. Its mission is to reduce energy poverty, safeguard the environment, and encourage the use of sustainable energy sources throughout Asia. A recent demand has been made for a global commitment to reach net zero emanations by 2050. In this respect, there is a growing interest in understanding the economics of these emissions and determining the socioeconomic elements influencing them in order to achieve policy targets within a framework of sustainable development (Mikhaylov et al.2020). 
However, according to Mikhaylov et al. (2020).  GHG emissions have continued to rise throughout the 21st century. A regional assessment of GHG emissions and their determinants is essential because the economic ties and spatial linkage of Bangladesh, India, and Pakistan have been severely affected by GHG emissions and are among the top ten GHG emitters in the world. (Khan et al.2022) On the other hand, Sri Lanka is a net GHG absorbing country because their forest areas are larger than its land area. Understanding the spatiotemporal variations of GHG emissions among countries in a region is crucial for proper environmental planning and management. Given these conflicting tendencies in economic and environmental well-being, it is reasonable to conclude that South Asia’s economic expansion has resulted in negative environmental outwardness. Countries in the South Asian region are required to achieve the SGDs imposed by the United Nations by 2030, in accordance with the SDGs. It is crucial to understand the affiliation between financial, economic, and environmental stability. 
 The current study will address how the findings relate to Sustainable Development Goals (SDG) 13 (Climate Action) and 11 (Sustainable Cities and Communities) with policy recommendations for mitigating GHG emissions while promoting economic growth. All four countries are working towards SDGs and are involved in international climate agreements, like the Paris Agreement, which seeks to minimize global temperature and GHG emissions.
The objective of the current study is to investigate the determinants of GHG emanations in selected South Asian countries (Bangladesh, India, Pakistan, and Sri Lanka) from 1972 to 2022 with EKC framework while employing a set of pooled panel data econometric techniques and the secondary data resource is Word Bank Development Indicator (WDI). Most of the previous studies on GHG emissions have focused on nations either from advanced economies or emerging economies, leaving the countries of South Asia unattended (Mikhaylov et al.2020). Moreover, there is an absence of comprehensive studies on the factors driving GHG emissions in South Asia, (Kim et al., 2020). Hence, this study intends to address that gap by using a panel data analysis approach to determine the primary drivers of GHG emissions in these countries. Understanding the factors influencing GHG emanations in this region is crucial for formulating effective policies and strategies to reduce the adverse effects of climate change. Recent studies on the determinants of GHG emissions in South Asia have explored a range of socioeconomic and environmental factors, (Pandey et al., 2020) and (Sattar et al., 2022). However, a comprehensive study regarding the panel level determinants of GHG emissions in the region is still inadequate.
The findings will provide valuable insights for policymakers in South Asian countries to design effective strategies for decreasing GHG emissions while promoting economic growth and attracting foreign investment. Understanding the relationships between energy consumption, economic growth, and FDI, can aid in developing policies that promote SDGs while also addressing climate change challenges. Further, this study will contribute to the academic literature on environmental economics, particularly within the context of South Asia, a region that has been underrepresented in previous studies.
Most existing studies on the EKC hypothesis focus on developed countries or large emerging economies. There is no sufficient comprehensive analysis of how this hypothesis applies to the specific economic and environmental contexts of South Asian countries. Previous research may suffer from limited data availability or insufficient longitudinal studies covering extensive periods. This study aims to address these limitations by using a comprehensive dataset spanning from 1972 to 2022. There is a need for empirical evidence to guide policymakers in South Asia on how to align economic growth and financial strategies with environmental sustainability. The study seeks to provide actionable insights for developing effective policies to reduce GHG emissions while boosting economic and financial development.
The paper's remainder is arranged as follows: Section 2 briefly provides an overview of the related literature and presents the study's empirical model. Also, Section 3 presents data, sources, and the methodology of the study. Section 4 includes the interpretation of results and discussion. The last section concludes the study.
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[bookmark: _Toc4946][bookmark: _Toc27282][bookmark: _Toc2110][bookmark: _Toc189575745]The Environment Kuznets Curve and Environment Degradation
According to Stern, (2004)  The relationship between different environmental indicators and per capita income is suggested by EKC. Early economic growth is characterized by rising pollutant emissions and declining environmental quality. However, this trend reverses and environmental improvement is the result of economic growth over a particular level of per capita income, which varies depending on several factors. This implies that the relationship between per capita income and environmental impact or emissions follows an inverted U-shaped pattern. Economic expansion can lead to increased pollution and environmental problems due to changes in the economy's structure and technology, known as the scaling effect. This argument supports the conventional theorem that environmental quality and economic development are mutually exclusive. However, proponents of the EKC hypothesis argue that environmental degradation levels stabilize and decrease at higher stages of development due to structural shifts towards information-intensive industries, improved technology, environmental regulations, and increased expenditures.(Mishra, 2020).
The inverse U-shaped graphical depiction of the hypothesis is displayed in Figure 1 as follows. Environmental degradation is the dependent variable, and it is proxied by deforestation and all forms of pollution (air, water, land, and soil). The per capita income is the independent variable. 
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[bookmark: _Toc5254][bookmark: _Toc21497][bookmark: _Toc30254][bookmark: _Toc189575702]Fig 1: The Environment Kuznets Curve
Source: The Kuznets Curve for the Sustainable Environment and Economic Growth (Mishra, 2020)
[bookmark: _Toc14747][bookmark: _Toc9609][bookmark: _Toc2783][bookmark: _Toc31893][bookmark: _Toc13479][bookmark: _Toc4000][bookmark: _Toc6419][bookmark: _Toc189575748][bookmark: _Hlk175646955]Energy Consumption and Greenhouse Gas Emanations Nexus
Mehmood, (2022) investigated the individual and interaction effects of renewable energy, economic growth, government performance, and FDI on CO2 emissions across four South Asian nations including India, Sri Lanka, Pakistan, and Bangladesh. The study analyzed annual data from 1996 to 2019. The findings reveal that renewable energy and its interactions with government effectiveness and FDI have positive ecological impacts. Destek and Sinha (2020) explored the effects of various factors, including renewable and nonrenewable energy, on the degradation of the environment in 24 OECD countries over the period from 1980 to 2014.  Utilizing second-generation panel data techniques, such as the PMG estimator, and using the ecological footprint as a measure of the quality of the environment, their findings revealed that renewable energy reduces the ecological footprint, whereas nonrenewable energy leads to its increase.
Chen et al. (2019) employed FMOLS and DOLS to investigate the impact of renewable and nonrenewable energy on CO2 emanations in China between 1995 and 2012. According to the study, nonrenewable energy positively contributed to CO2, whereas renewable energy had a negative effect, which varied by region. Zhang and Liu (2019) examined the relationship between CO2 emanations, and non-renewable and renewable energy in eleven Northeast and Southeast Asian nations between 1995 and 2014. Their findings indicate that nonrenewable energy is the main contributor to CO2 emissions, while renewable energy has the potential to mitigate them.
Foreign Direct Investment and Greenhouse Gas Emission Nexus
[bookmark: _Toc10083][bookmark: _Toc31040][bookmark: _Toc25629][bookmark: _Toc178][bookmark: _Toc24698][bookmark: _Toc15806][bookmark: _Toc7362][bookmark: _Toc189575749]Malik et al. (2020) employed ARDL and NARDL techniques to investigate whether Pakistan was a pollution haven between 1971 and 2014. The study indicated that FDI increased CO2 emissions in both the short and long run. Bildirici et al. (2020) estimated that inflows of FDI to Afghanistan, Nigeria, Pakistan, the Philippines, Somalia, Iraq, Syria, Thailand, and Yemen increased CO2 emissions considerably between 1975 and 2017. Shahbaz et al. (2019) explored the impact of FDI on the quality of the environment in the United States and found that it makes considerably higher CO2 emissions. Nasir et al. (2019) confirmed that growth in FDI causes an increase in the degradation of the environment in emerging Asian countries in his study.
Economic Growth and Greenhouse Gas Emission Nexus
[bookmark: _Toc3952][bookmark: _Toc20205][bookmark: _Toc26820]Usama et al. (2020) utilized the ARDL techniques to test the real GDP per capita and CO2 emanation in Ethiopia from 1981 to 2015. Their findings support the EKC hypothesis. Similarly, Erdogan (2020) confirmed the theory, across OECD nations from 2000 to 2015, using panel cointegration and long-term estimate techniques. Ahmad et al. (2020) discovered an inverted U-shaped association between CO2 emanations and income in China, whereas Suki et al. (2020) employed the QARDL technique to corroborate the EKC hypothesis in Malaysia from 1970 to 2018. Pontarollo et al. (2020) investigated the EKC hypothesis in Romanian counties from 2000 to 2014 using the spatial spillover framework. The data revealed a U-shaped association, indicating that the EKC hypothesis does not hold in this context. Halliru et al. (2020) applied quantile regression on data for West African countries between 1970 and 2017. The findings showed a U-shaped association between CO2 emanations and economic growth. Pata et al. (2020) also had similar findings in China from 1980 to 2016 using the ARDL approach, which includes ecological footprint and CO2 emissions. Sarkodied et al. (2019) used the ARDL approach to Kenyan data between 1971 and 2013. The results support and confirm the EKC concept. Figure 2 shows the Research Model of the current study. 
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[bookmark: _Toc6093][bookmark: _Toc32455][bookmark: _Toc19132][bookmark: _Toc189575704][bookmark: _Toc16765][bookmark: _Toc27239][bookmark: _Toc18943]Fig 2: Research model of the Current Study

[bookmark: _Toc21268][bookmark: _Toc22807][bookmark: _Toc14139][bookmark: _Toc189575752]III MATERIALS AND METHODOLOGY 
[bookmark: _Toc4572270]Selected Variables, Countries, and Secondary Data Source
This study used a panel data approach to achieve the objectives of the study. The researcher utilized panel data for a study due to its advantages, including increased information and statistical efficiency. Panel data allows for the examination of individual heterogeneity and trends over time, enabling a deeper understanding of factors influencing outcomes. It also accounts for individual differences and changes over time, addressing endogeneity issues. The use of econometric methods, such as random effects and dynamic panel data models, strengthens the analysis, allowing for more robust conclusions about causal relationships.
The dependent variable is Greenhouse gas emissions while other environmental economics and financial factors are the explanatory variables. The analysis relies on secondary data, utilizing annual balanced panel data spanning from 1972 to 2022 for the four South Asian countries: Bangladesh, India, Pakistan, and Sri Lanka. Table 1 presents the sample used in the study.
[bookmark: _Toc21682][bookmark: _Toc30977][bookmark: _Toc20332][bookmark: _Toc29526][bookmark: _Toc30154][bookmark: _Toc7370][bookmark: _Toc30349][bookmark: _Toc26836][bookmark: _Toc174785189][bookmark: _Toc189575685]TABLE 1: SAMPLE OF THE STUDY
	Country
	Observation

	Bangladesh
	51

	India
	51

	Pakistan
	51

	Sri Lanka
	51



The variables utilized in the current study and the unit of measurement are shown in Table 2.
[bookmark: _Toc189575686]TABLE 2: DEFINITION AND SOURCE OF VARIABLES
	[bookmark: _Toc8339][bookmark: _Toc28644][bookmark: _Toc189575756]Variable
	Short Name
	Unit
	Data source

	Dependent Variable

	Environmental Degradation 
	GHG
	Total Greenhouse Gas Emission (kt of CO2 equivalent) 
	World Bank Development Indicators

	Independent Variables

	Energy Consumption
	EC
	Energy Use (kg of oil equivalent per capita)
	World Bank Development Indicators

	Economic Growth
	GDP
	Gross Domestic Production Per Capita
	World Bank Development Indicators

	Foreign Direct Investment
	FDI
	Foreign Direct Investment, Net Inflows (BoP, current US$)
	World Bank Development Indicators



Method of Analysis
The ARDL process has four steps. First test the panel unit root tests and optimal lag selection. Next test the cointegration test and last estimate the panel ARDL along with the Hausman specification test to determine the most significant model for the selected data. The analysis is performed using STATA software. These tests and methods have been employed in numerous previous studies. For instance, Djellouli et al., (2022) ,  Irfan & Ojha, (2022),  Irfan & Ojha, (2022),.Zardoub, (2021),.Nazah et al., (2021), Banday & Aneja, (2019) , Bergstresser, (2018.), Abi̇di̇n et al., (2015), and Acaravci & Ozturk, (2010) have used most of these tests and methods in their studies.
[bookmark: _Toc17851]An Empirical Model of The Study 
This study also developed an empirical model that corresponds to research conducted by Djellouli et al., (2022), Irfan & Ojha, (2022), Irfan & Ojha, (2022),.Zardoub, (2021),Nazah et al., (2021), Banday & Aneja, (2019) , Bergstresser, (2018.), Abi̇di̇n et al., (2015), Acaravci & Ozturk, (2010),
The model can be stated in the following functional form,

                                                                   (1)
The empirical model of the study indicates that greenhouse gas emissions (GHG), are a function of energy consumption (EC), per capita gross domestic production (GDP), gross domestic production squares per capita (GDP2), and net inflows of foreign direct investment, (FDI), in Selected countries. The current study also studies the presence of the EKC by following the quadratic model equation,

                          (2)
The variables remain as previously described, with α representing the intercept β1-β4 denoting the explanatory variables’ coefficients, and ε representing the error term. According to Chng, (2019) the EKC curve's shape is determined by the signs of the GDP and GDP2 coefficients. Thus, the presence of the EKC hypothesis can be verified as follows; 
· If β1 > 0 and β2=0, GDP and GHG emissions illustrate a monotonically increasing relationship. 
· If β1 < 0 and β2=0, GDP and GHG emissions illustrate a monotonically decreasing relationship. 
· If β1 > 0 and β2 < 0, GDP and GHG have an inverted U-shaped relationship. Furthermore, the EKC hypothesis is valid. 
· If β1 < 0 and β2 > 0, GDP and GHG have a U-shaped relationship. 
This approach was selected as it is appropriate irrespective of whether the variables are integrated of order either I (0), I (1), or a combination of both, additionally, it allows for the examination of both short and long-run repercussions. The experimental model of ARDL (p, q, q,…, q) developed by Pearsan et al. (1999) is formulated as follows.

		  (3)









Where are represented the vector of explanatory variables(EC,GDP,FDI) for group i,  are denoted the coefficient vectors of the regressors is the dependent variable (GHG),  represent the coefficients of the lagged dependent variables and denotes the fixed effects,   and and the error correction model can be stated as follows,

                           (4)
[bookmark: _Toc4902]In the present study, the researcher estimated the three models, PMG, MG, and DFE. PMG is a methodology that accommodates heterogeneous coefficients in the short run and ensures uniform slope coefficients in the long run, allowing country-specific responses to factors like financial crises. It requires conditions like long-run relationship confirmation, serial correlation-free residuals, exogenous explanatory variables, and large time periods. The MG technique estimates regressions for each country, averaging coefficients without weighting implemented by Pesaran and Smith (1995). It allows coefficient variability across countries and time frames, but reliability depends on ample time series data dimension. The DFE estimator ensures uniform cointegrating vector coefficients across all panels, consistent speed of adjustment coefficients and short-run coefficients across countries, and allows country-specific intercepts. It maintains slope coefficient homogeneity and error variances and accommodates country-specific intercepts. Its cluster option helps estimate intra-group correlation with standard errors, accounting for potential dependencies within countries or panels. (Nazah et al., 2021) and (Zardoub, 2021)
Cross-Correlation
According to  Chatfield, (2016) and cross-correlation, a statistical method used in time series analysis to determine the similarity or interaction of two time series based on time lag, detecting potential lead-lag relationships and temporal dependencies. The cross-correlation function (CCF) is useful for detecting potential lead-lag relationships, cyclical patterns, and other forms of temporal dependencies between variables. 
The following formula estimates the cross-correlation of two-time series, Xt and Yt, with lag k.

    			                                    (5)


Where Xt and Yt​ are the two-time series being investigated. and  represent the mean values of the time series Xt and​ Yt respectively. N represents the length of the time series. k is the lag at which the cross-correlation is calculated.
[bookmark: _Toc13582]Panel Unit Root Test
To estimate the panel ARDL model, it's crucial to examine the stationarity of the sample variables, as many macroeconomic data sets are non-stationary. (Verick, 2018). A time series is considered stationary if its mean and autocovariance are constant across time (Venkatesan & Ponnamma, 2017). The unit root test is employed to investigate the stationarity and determine the order of integration of all respective variables, considered in the current study, it is needed to identify whether the series is integrated with the order I (0) or I (1). If the variables are a mix of I(0) and I(1) or all I(1), then the panel ARDL model can be appropriately estimated (Zardoub, 2021). 
The study employs two types of first-generation panel unit root tests: common tests like Levin and Breitung for consistent persistent parameters, and individual tests like Im, Pesaran, and Shin W-stat, Fisher-ADF, and Fisher-PP for varying parameters.(Verick, 2018). All these tests are based on the following basic ADF model.

 			             	(6)
[bookmark: _Toc16142]The study uses intercept and trend specifications, with the null hypothesis being rejected if the test statistical probability value is less than the significance level, indicating a stationary time series.
Panel Cointegration test
[bookmark: _Toc2570]The study uses the panel cointegration test, suggested by Pedroni (1999, 2004), to investigate the long-term equilibrium relationship among variables. The null hypothesis is that there is no cointegration, but the rejection suggests that variables are cointegrated and move together in the long term, indicating a stable relationship despite short-term fluctuations.
Pedroni (1999,2004) Test 
Pedroni's Panel Cointegration test is a widely used method for examining cointegration in panel data settings. It allows for heterogeneous intercepts and slopes across panel units, extending traditional cointegration tests. The test formula used in this study is based on the Engle-Granger methodology, allowing for long-run equilibrium and the joint significance of the level equation. (Djellouli et al., 2022). The following test formula has been used in the current study.
Panel-Rho Statistics

		(7)
Panel-t Statistics

				(8)
Group-Rho Statistics

			(9)
Group-t Statistics

				(10)
Pesaran-Yamagata (2008) Homogeneity Test
The Pesaran-Yamagata (2008) homogeneity test evaluates the consistency of long-run coefficients in panel data models. It uses the standard delta test and adjusted test to determine if explanatory variables' coefficients are consistent across all entities. If homogeneous, it suggests a common long-run relationship among variables.(Djellouli et al., 2022). The standard delta test statistic is given by,

							(11)
[bookmark: _Toc3349]The null hypothesis states that if the slope coefficients are homogenous, it implies significant differences across entities, while if it's not rejected, it suggests a consistent relationship across all entities in the panel.
Lag Selection Criteria
The lag order in dynamic models, especially ARDL models, is crucial. Researchers use lag length selection criteria like Modified Bayesian Information Criterion (MBIC), Modified Akaike Information Criterion (MAIC)), and Modified Quasi-Likelihood Information Criterion (MQIC) to determine the order for each country. The lowest lag value is selected, as used by Djellouli et al., (2022) ,  Irfan & Ojha, (2022),  Irfan & Ojha, (2022),. Zardoub, (2021), Nazah et al., (2021). 
Hausman (1978) Test
The Hausman test (1978) evaluates the effectiveness of PMG, MG, and DFE estimators, assuming homogeneity in long-run policy parameters. The effect of heterogeneity on the means of the coefficients can be determined using the Hausman type of test (Chu & Sek, 2014). The general form of Hausman test statistic is:

			(12)
The test's null hypothesis states no significant difference between PMG and MG estimators or PMG and DFE estimators. If the probability value is less than the significant level, the null hypothesis is rejected, and the more efficient estimator MG is preferred. (Nazah et al., 2021).
Heteroscedastic Test 
Breusch Pagan's chi-square test has been applied to check heteroscedasticity in the residuals of the fitted model.

						       (13)
Cross-Sectional Dependence Test
Pearsan CD test is used to test the serial correlation in the residuals in the model.

				      (14)
Normality Test
The normality test is employed with the Jarque and Bera test. 

					  (15)
[bookmark: _Toc8649]Panel Causality Test
The researcher used the panel Granger causality test to identify the direction and degree of causal relationships among factors in panel data settings. This test assesses cross-sectional dependency and heterogeneity, determining whether variation in one variable causes change in another over multiple entities and over time. The tests are useful for assessing the relationship between variables.(Chu & Sek, 2014).
[bookmark: _Toc184][bookmark: _Toc13713][bookmark: _Toc13065][bookmark: _Toc14121][bookmark: _Toc189575762]IV DATA ANALYSIS AND DISCUSSION
The descriptive statistics of all determinants are essential for understanding the nature and characteristics of the data used in the study. A detailed overview of the descriptive statistics for all variables is shown in Table 3.
[bookmark: _Toc20744][bookmark: _Toc174785190][bookmark: _Toc189575687]TABLE 3: DESCRIPTIVE STATISTICS
	[bookmark: _Hlk173753634]Variable
	
	Mean
	Std. Dev.
	Minimum
	Maximum
	Observations

	GHG
	Overall
	6394000
	9693828
	88532.1
	40000000
	N=204

	
	BGD
	1490379
	509740
	169050
	2603593
	n = 51

	
	IND
	21000000
	9366917
	10300000
	40000000
	n = 51

	
	PAK
	2788473
	1289929
	1004660
	5331729
	n = 51

	
	SLR
	331624.9
	83895.13
	88532.1
	496731.9
	n = 51

	EC
	Overall
	2611.08
	1499.16
	219.05
	7143.41
	N=204

	
	BGD
	1177.70
	816.21
	219.05
	2916.32
	n = 51

	
	IND
	3579.76
	1740.97
	1431.49
	7143.41
	n = 51

	
	PAK
	3010.37
	924.75
	1432.22
	4683.57
	n = 51

	
	SLR
	2676.47
	1163.03
	1383.76
	4973.60
	n = 51

	GDP
	Overall
	1186.07
	902.61
	349.19
	4495.71
	N=204

	
	BGD
	751.50
	390.03
	385.71
	1784.74
	n = 51

	
	IND
	869.83
	523.49
	349.19
	2089.73
	n = 51

	
	PAK
	969.98
	924.74
	1432.22
	4683.57
	n = 51

	
	SLR
	2153.00
	1228.52
	760.20
	4495.71
	n = 51

	GDP2
	Overall
	2217500
	3991948
	121939.5
	202000000
	N=204

	
	BGD
	713888.50
	774941.40
	148770.80
	3185293.0
	n = 51

	
	IND
	1025273.0
	1182194
	121939.5
	4366990.0
	n = 51

	
	PAK
	1015728
	276.33
	554.88
	1695.96
	n = 51

	
	SLR
	6115110.0
	6453016.0
	577908.50
	20200000
	n = 51

	FDI 
(‘0000)
	Overall
	393000
	1100000
	-3610
	6440000
	N=204

	
	BGD
	61200
	87200
	-801
	283000
	n = 51

	
	IND
	1380000
	1890000
	-3610
	6440000
	n = 51

	
	PAK
	131000
	131000
	-400
	559000
	n = 51

	
	SLR
	33300
	39200
	-121.85
	161000
	n = 51


[bookmark: _Toc189575768]Source: Author Calculated.
The data shows a significant difference in GHG emissions, energy consumption, and GDP between India and Sri Lanka. India has the highest GHG emission value at 40,000,000, while Sri Lanka has the lowest at 88,532.1. This indicates India's significant industrial activity and environmental impact. Energy consumption is highest in India, with a maximum of 7,143.41 and a minimum of 219.05. Sri Lanka has the highest GDP, with an average of 4,495.71. The squared GDP shows Sri Lanka's substantial economic size and variability. India attracts the highest FDI (1,380,000), indicating a favorable investment climate. Bangladesh, Pakistan, and Sri Lanka have lower FDI levels, with occasional disinvestment periods. Overall, India dominates in emissions, energy use, and FDI, while Sri Lanka has the highest GDP, illustrating diverse economic and environmental profiles across these countries.

Cross Correlation
[bookmark: _Toc722][bookmark: _Toc174785195][bookmark: _Toc189575688]The cross-correlation analysis examines the relationship between various independent variables with the dependent variable, across different time lags. Table 4 shows the crosscorrelation among four variables. The study shows a strong positive correlation between energy consumption and greenhouse gas emissions at lag 0, suggesting increased emissions. However, this relationship diminishes at lag 2, suggesting a moderate impact of past energy consumption on current emissions.
GDP has a weak correlation with GHG emissions at lag 0, with a slight positive relationship. This weak correlation diminishes at lag 1, lag 2, and lag 3, indicating a decreasing effect of GDP on GHG emissions over time. GDP2 has a weak negative correlation with GHG emissions, with a slight inverse relationship, increasing at lag 1, then weakening at lag 2, and finally at lag 3. The study shows a weak positive correlation between FDI and GHG emissions, with a slight increase at lag 1. The impact of FDI on GHG emissions weakens over time,
TABLE 4:  CROSS CORRELATION 
	lag
	EC
	GDP
	GDP2
	FDI

	0
	0.6357
	0.0945
	-0.1148
	0.0077

	1
	0.6001
	0.0738
	-0.1194
	0.0750

	2
	0.3635
	0.0356
	-0.0658
	0.0464

	3
	0.1315
	0.0254
	-0.0310
	0.0127


Source: Author Calculated.
Furthermore, Energy consumption has the most immediate and significant effect on environmental degradation, but its influence decreases over time. GDP and GDP2 show weaker and diminishing relationships, with GDP2 showing a slight negative relationship. FDI has a weak and short-term effect on environmental degradation, suggesting complex and time-dependent relationships between these variables and environmental outcomes in selected South Asian countries.
[bookmark: _Toc19542]Unit Root Test
Table 5 presents the panel unit root test results, including Levin, Lin & Chu t* and Breitung t-statistics for variables at both level and first differences, considering intercept and trend. The unit root test shows that most variables become stationary at first differences. The Levin, Lin & Chu t* statistic shows non-stationarity at level but strong stationarity at first difference across both intercept and intercept. The EC shows non-stationarity at a level but becomes stationary at the first difference. GDP and FDI also show stationarity at the level in the Levin, Lin & Chu t* test with significant p-values (< 0.05) with a 5% level of significance. The combinations of I (0) and I (1) variables suggest an ARDL model is appropriate to explore the long-term relationships.
Table 6 shows the results of panel unit root testing with individual unit root processes for the variables including the ADF - Fisher Chi-square, PP - Fisher Chi-square test, and Im, Pesaran, and Shin W-stat under two specifications: with an intercept only and with both intercept and trend. 
[bookmark: _Toc10879][bookmark: _Toc174785196][bookmark: _Toc189575689]TABLE 5: PANEL UNIT ROOT TESTS (COMMON UNIT ROOT PROCESS)
	Variable
	Levin, Lin & Chu t
	Breitung t-stat

	
	Intercept
	Intercept with trend
	Intercept with trend

	
	         Level
	    1st diff.
	      Level
	    1st diff.
	          Level
	    1st diff.

	GHG  
p-value 
	3.891
1.0
	-10.411***
0.00
	-0.712
0.238
	-14.058***
0.00
	2.857
0.9979
	-4.434***
        0.00 

	EC  
p-value    
	3.322
0.9996
	-6.918***
0.00
	-0.555
0.2891
	-7.769***
0.00
	1.432
0.924
	-0.371***
     0.3553

	GDP 
p-value  
	-0.226
0.4103
	-22.878***
0.00
	-12.373***
0.00
	-
	-0.689**
0.0253
	-

	GDP2  
	-2.007**
	
	-2.080**
	-
	-3.24***
	-

	p-value
	0.0224
	
	0.018
	
	0.00
	

	FDI 
p-value    
	-2.063**
0.0195
	-
	-1.440*
0.0749
	-12.057***
0.00
	-2.459***
         0.0069
	


Source: Author Calculated. *** p< .01; ** p < .05; * p < .10



The GHG variable shows non-stationarity at intercept and trend specifications but becomes stationary at the first difference. The EC and GDP variables also show non-stationarity but transform into stationarity upon the first difference. GDP2 and FDI are inherently stationary without differencing. The panel ARDL model is an appropriate econometric technique for estimating the relationship among these variables, as it can handle both I (0) and I (1) variables without requiring pre-transformation and allows for examination of short and long-run dynamics within the panel data structure. 



[bookmark: _Toc25453][bookmark: _Toc174785197][bookmark: _Toc189575690]TABLE 6: PANEL UNIT ROOT TESTS (INDIVIDUAL UNIT ROOT PROCESS)
	Variable
	ADF - Fisher Chi-square
	Im, Pesaran and Shin W-stat
	PP - Fisher Chi-square

	
	Intercept
	Intercept with trend
	Intercept
	Intercept with trend
	Intercept
	Intercept with trend

	
	I(0)
	I(1)
	I(0)
	I(1)
	I(0)
	I(1)
	I(0)
	I(1)
	I(0)
	I(1)
	I(0)
	I(1)

	GHG 
	4.5
	84.8***

	6.7
	105.3***

	2.8

	-8.7***

	0.4

	-11.9***

	2.8

	4.3*

	6.3

	107.3***


	EC

	0.7

	76.1***

	5.6

	72.3***

	4.5

	-7.8***

	0.4
	-8.1***

	0.7

	113.1***

	6.0

	131.7***


	GDP

	60.1**

	-
	100.3***

	-
	-13.0***

	-
	-9.2***

	-
	86.3***

	-
	118.6***

	-

	GDP2

	44.5***

	-
	45.3***

	-
	-5.3***

	-
	-5.6***

	-
	121.8***

	-
	132.5***

	-

	FDI

	21.8***

	-
	22.0***
	-
	-2.5***
	-
	-2.7***
	-

	15.9**
	-
	16.5**
	-



Source: Author Calculated. *** p< .01; ** p < .05; * p < .10













[bookmark: _Toc8181][bookmark: _Toc174785198][bookmark: _Toc189575691]Homogeneity Test
Table 7 presents the results of the homogeneity test using Pesaran and Yamagata's method. The Delta statistic (21.015) and adjusted Delta statistic (22.372) have p-values of 0.00, indicating strong statistical significance and strong rejection of the null hypothesis at a 1% level, indicating significant evidence of heterogeneity among cross-sectional units in the panel data set.
TABLE 7: HOMOGENEITY TEST OF PESARAN AND YAMAGATA (2008).
	
	Delta Value
	p-value

	
	21.015***
	0.00

	adjusted
	22.372***
	0.00


Source: Author Calculated. *** p< .01; ** p < .05; * p < .10
[bookmark: _Toc12026][bookmark: _Hlk173259937]Cointegration Test 
[bookmark: _Toc3794][bookmark: _Toc174785199][bookmark: _Toc189575692]The results of the cointegration test present in Table 8 indicate a significant long-term equilibrium relationship among variables across the panel. The v-statistic is 4.2251, indicating strong cointegration at the 1% s level. The rho-statistic is -1.4388, the panel t-statistic is -1.3849, and the panel ADF statistic is -1.5493, significant at 10%, suggesting weaker evidence of cointegration at the group level.
TABLE 8: COINTEGRATION TEST
	
	Statistic

	Cointegration Test Statistics
	Panel
	Group

	v
	4.2251*** (0.000)
	

	Rho
	-1.4388 *(0.0751)
	-0.5349 **(0.0963)

	t
	-1.3849* (0.0830)
	-0.3654 (0.6426)

	Adf
	-1.5493 *(0.0607)
	-0.5424 (0.2937)


[bookmark: _Toc30798]Source: Author Calculated. *** p< .01; ** p < .05; * p < .10
 Determine Optimum Lag Length
[bookmark: _Toc1422][bookmark: _Toc174785200][bookmark: _Toc189575693]Table 9 outlines the optimal lag length for a model using MBIC, MAIC, and MQIC criteria. The model with the minimum lag length is considered optimal, indicating a better model fit with fewer parameters. A single lag model balances fit and simplicity, validated by crosscorrelation analysis.
TABLE 9: DETERMINE OPTIMUM LAG LENGTH
	Lag
	MBIC
	MAIC
	MQIC

	1
	-315.6674
	-74.5472
	-172.2763

	2
	-213.0999
	-52.3531
	-117.5058

	3
	-103.718
	-23.3446
	-55.92095


Source: Author Calculated. 
Model Estimation
Table 10 presents the results from three different estimators: PMG, MG, and DFE, comparing their estimated coefficients and standard errors for various economic variables. Each estimator's output is analyzed to understand the impact and significance of these variables on the dependent variable.
[bookmark: _Toc1361][bookmark: _Toc174785201][bookmark: _Toc189575694]The study analyzed three models for capturing short and long-term relationships between variables. The PMG and MG models showed significant short-term ECT with a 5% level of significance. Deviations from long-term equilibrium were associated with rates of 78.53% and 37.31% per period, respectively. The PMG model showed faster adjustment, while the DFE model had a non-significant coefficient, suggesting it may not effectively capture short-run adjustments.
TABLE 10: RESULTS OF PMG, MG, AND DFE ESTIMATORS
	Variables
	PMG
	MG
	DFE

	
	Coefficient
	Std. Err
	Coefficient
	Std. Err
	Coefficient
	Std. Err

	Short Run

	ECT      
p-value
	-0.7853**
0.040
	0.038
	-0.3731***
0.002
	0.1184
	0.0061 0.767
	0.020

	D.EC
p-value
	729.8187*
0.080
	729.81
	413.84
0.180
	308.84
	1049*** 
0.00
	213.79

	D.GDP
p-value
	4211.094**
0.014
	1712.01
	4489.84**
0.015
	1839.66
	4257.76*** 0.004
	1478.02

	D.GDP2
p-value
	-2.1146
0.137
	1.4211
	1.508
0.111
	1.5089
	-0.5658*** 0.004
	0.1991

	D.FDI
p-value
	-0.00004
0.186
	0.0000
	-0.00006*
0.066
	0.00003
	0.0000 0.350
	0.0000

	Constant p-value
	1344969.3
0.429
	170151
	588816
0.187
	446142.3
	246221.8** 0.031
	114403.2

	Long Run

	EC  
p-value
	5876.38***
0.00
	775.92
	1211.336
0.338
	1264.79
	-27844.06 0.791
	105126.9

	GDP
p-value
	-6042.097**
0.026
	2714.55
	6120.68
0.408
	7397.83
	145936.1 0.776
	513500.8

	GDP2
p-value
	-0.1141
0.794
	0.4373
	-1.3244
0.458
	1.7834
	-22.1282 0.773
	76.7301

	FDI
p-value
	0.0001***
0.002
	0.00004
	0.00022
0.150
	0.0001
	-0.0012 0.813
	0.0052


Source: Author Calculated. *** p< .01; ** p < .05; * p < .10
[bookmark: _Toc17648]GDP has a positive and significant impact on all models, with coefficients of 4211.094 in PMG, 4489.84 in MG, and 4257.76 in DFE, indicating its importance in the short term. However, the quadratic form of GDP only shows significance in the DFE model, indicating a negative short-run quadratic effect. The impact of FDI is weak and mostly not significant across all models. The PMG estimator shows a significant positive long-term relationship between energy consumption and GDP, while the MG and DFE models do not capture significant long-run effects. The PMG model effectively captures short-run dynamics and long-run equilibrium relationships, making it the preferred estimator in this analysis.
Model Selection
The Hausman test results presented in Table 11 indicate that the PMG model is the best option for analyzing panel data, as it does not show significant differences from the MG and DFE models. The chi-square statistic for the PMG and MG models is 5.53, indicating no significant difference, indicating that either model could be suitable for the data. The PMG and DFE models show no significant difference in chi-square statistics, indicating they are equally appropriate, while the MG and DFE models show no significant difference. Therefore, the PMG model is justified as it does not show significant differences from the other models.
[bookmark: _Toc4176][bookmark: _Toc174785202][bookmark: _Toc189575695]TABLE 11: HAUSMAN TEST
	Model
	Chi-Square
	p-value

	PMG, MG
	5.53
	0.30

	PMG, DFE
	0.02
	1.00

	MG, DFE
	0.00
	1.00


Source: Author Calculated. *** p< .01; ** p < .05; * p < .10
The outcomes of the PMG estimation for countries, Bangladesh, India, Pakistan, and Sri Lanka indicate varying economic dynamics across these countries presented in Table 12. Bangladesh has a slow adjustment towards equilibrium, with an ECT of -0.1061, suggesting a slow adjustment. India, Pakistan, and Sri Lanka exhibit varying adjustment speeds and economic variables, with India experiencing rapid adjustment. Pakistan showed a strong positive short-term effect, and Sri Lanka showed a moderate adjustment speed. Overall, the results highlight differences in the speed of adjustment to equilibrium and the impact of economic variables across these countries.
[bookmark: _Toc28139][bookmark: _Toc174785203][bookmark: _Toc189575696]TABLE 12: SHORT-RUN RESULTS OF PMG BY EACH COUNTRY
	Variables
	Bangladesh
	India
	Pakistan
	Sri Lanka

	
	Coeff.
	Std. Err
	Coeff.
	Std. Err
	Coeff.
	Std. Err
	Coeff.
	Std. Err

	ECT
p-value
	-0.1061** 0.014
	0.4317
	-1.741*** 0.008
	0.6559
	-0.0192*** 0.002
	0.0063
	-0.0145** 0.015
	0.0059

	D.EC
p-value
	599.19 0.281
	555.70
	1909.62** 0.028
	870.99
	463.029*** 0.00
	121.35
	-52.57 0.253
	45.97

	D.GDP
p-value
	6459.91 0.257
	5697.60
	7418.25 0.157
	5238.05
	3055.52 0.284
	2851.69
	-89.30 0.816
	384.48

	D.GDP2
p-value
	-6.131*** 0.00
	1.6234
	-0.2948 0.852
	1.5824
	-2.1057** 0.029
	0.9621
	0.0735 0.125
	0.04798

	D.FDI
p-value
	-0.00002 0.860
	0.0014
	-0.00001 0.119
	0.0000
	0.788***
0.000
	0.00002
	-0.0001*** 0.00
	0.000002

	Constant
p-value
	41061.47 0.31
	131339.6
	637450.8** 0.029
	2916913.8
	-100840.3 0.10
	61324.87
	-39686.7 0.212
	31831.76


[bookmark: _Toc21855]Source: Author Calculated. *** p< .01; ** p < .05; * p < .10
The results from the post-estimation diagnostic tests provide insights into the assumptions of the fitted model shown in Table 13. 
	[bookmark: _Toc189575697]Test Name
	Test Value
	Probability

	Breusch Pagan test
	3.21*
	0.0734

	Pearson CD test
	4.32*
	0.0583

	Jarque-Bera Test
	270.3***
	0.0012


TABLE 13: POST ESTIMATION TESTS
Source: Author Calculated. *** p< .01; ** p < .05; * p < .10
The Breusch-Pagan test is used to check for heteroskedasticity, The test confirms the null hypothesis of homoskedasticity, indicating constant variance in residuals across observations, with results of 3.21 and a p-value of 0.0734 at the 5% significance level, indicating constant variance in the residuals. The Pearson CD test shows weak evidence of serial correlation in residuals, suggesting issues with residual dependence at the 10% significance level.it suggests issues with residual dependence. The Jarque-Bera test, which assesses the normal distribution of residuals, rejects the null hypothesis with a test statistic of 270.3 and a p-value of 0.0012. Overall, Diagnostic tests indicate weak serial correlation in residuals and violation of normality, despite heteroskedasticity not being a major concern.
Panel Causality Test
Figure 3 summarizes The Dumitrescu & Hurlin (2012) Granger non-causality test results highlighting several significant relationships between economic variables. Notably, GHG emissions Granger-cause GDP, demonstrating that changes in GHG emissions precede changes in GDP, but GDP does not Granger-cause GHG emissions. Similarly, GDP2 shows significant causality in both directions with GDP, suggesting a strong bidirectional relationship. EC does not Granger-cause GHG emissions, and vice versa, while EC Granger-causes FDI, but FDI does not. Additionally, FDI Granger causes GDP, while GDP does not. Overall, the results underscore significant causal effects primarily involving GHG emissions, GDP, and GDP2, with limited or no significant causality observed in other variable pairs.
GDP2
EC
GDP
FDI
GHG

[bookmark: _Toc189575710]Fig 3: Result of Causality test     Source: Author Calculated. 
[bookmark: _Toc16650][bookmark: _Toc189575771]V CONCLUSION AND RECOMMENDATIONS
The analysis highlights the intricate relationships between energy consumption, economic growth, FDI, and GHG emissions. The findings indicate that energy consumption has the strongest and most consistent positive correlation with GHG emissions, particularly in the short run. This underscores the immediate environmental impact of energy use and the urgent need for a transition toward sustainable energy sources to mitigate climate change. The persistence of this relationship in the long run further reinforces the necessity of reducing reliance on fossil fuels. The positive short-run relationship between GDP and emissions reflects economies’ continued dependence on energy-intensive activities, while energy consumption remains a primary driver of emissions in both the short and long run. These findings emphasize the need for improved energy efficiency and a faster transition to cleaner energy sources.
Economic growth, as measured by Gross Domestic Product, shows a weak but positive correlation with emissions, which diminishes over time. While this finding contrasts with Zardoub (2021), it suggests that economic expansion initially increases emissions but may lead to environmental improvements as economies adopt greener technologies. The negative correlation between GDP squared and emissions supports the Environmental Kuznets Curve hypothesis, indicating that at higher levels of economic development, environmental degradation may decline.
The role of FDI in environmental outcomes is complex. In the short run, FDI exhibits a minimal correlation with emissions, but in the long run, it significantly influences environmental degradation. This underscores the need for policies that promote sustainable investment to balance economic growth and environmental responsibility. Without appropriate regulations, foreign investments may contribute to environmental harm, highlighting the importance of aligning FDI with sustainability goals.
A comparative analysis of Bangladesh, India, Pakistan, and Sri Lanka reveals significant variations in their economic adjustments to long-run equilibrium. Sri Lanka indicates a relatively rigid economic structure where FDI negatively impacts short-term growth, and changes in GDP and energy consumption remain statistically insignificant. This suggests structural challenges in adapting to external economic influences. In contrast, Bangladesh displays a moderate adjustment pace with minimal short-term disruptions, while India leads with the fastest adjustment, benefiting from positive short-term effects of energy consumption. Pakistan, although slower in adjustment, demonstrates a more responsive economy with notable short-term effects from energy consumption and a complex relationship between GDP and overall performance.
Compared to its regional counterparts, Sri Lanka's economic rigidity may stem from policy constraints, structural inefficiencies, or investment-related challenges. These findings emphasize the need for policy reforms to enhance economic flexibility, improve responsiveness to external factors, and foster sustainable long-term growth. The variations in economic dynamics across these countries highlight the diverse trajectories influenced by unique policy environments and structural characteristics.


The Existence of the Environmental Kuznets Curve Hypothesis
The long run estimators obtained from the PMG framework offer robust evidence for the EKC hypothesis among economy panels. The negative coefficient on the GDP squared term in the model indicates an inverted U-shaped association between economic growth and deterioration of the environment. This suggests that when countries attain higher levels of income, the adverse effect of environmental further growth diminishes and eventually turns positive. The findings suggest that, on average, countries within the panel experience an increase in environmental degradation as they transition from low to middle-income levels, but this trend reverses as they approach higher income levels, leading to a reduction in environmental impact.
A comparative analysis of EKC across Bangladesh, India, Pakistan, and Sri Lanka reveals significant variations in the relationship between economic growth and environmental degradation. Bangladesh exhibits early-stage characteristics of the EKC, where economic expansion has led to increased environmental degradation, with increased environmental degradation but potential for a turning point. India presents a more developed EKC, with a clearer turning point where with economic growth contributing to environmental improvements, but the extent of this transition is limited. In contrast, Pakistan does not show strong evidence supporting the EKC hypothesis, suggesting that it remains in the early phases of economic development, where environmental degradation continues to rise alongside GDP growth.
Sri Lanka exhibits a unique EKC pattern, demonstrating effective management of economic growth while maintaining environmental sustainability. This contrasts with other countries, where economic expansion contributes to environmental degradation. Sri Lanka's success may be due to proactive environmental policies and increased environmental awareness. These findings highlight the heterogeneity in economic and environmental dynamics across South Asia, emphasizing the differing stages of economic development and environmental management strategies among the studied countries. The variations in EKC patterns underscore the complex interplay between economic growth and environmental sustainability, shaped by country-specific policy frameworks, economic structures, and levels of environmental awareness.
[bookmark: _Toc26370]The study suggests that South Asian countries should prioritize green growth, adopt sustainable energy use policies, promote green investments, and collaborate on regional energy initiatives. These policies can help reduce greenhouse gas emissions, promote sustainable development, and foster economic diversification. Key measures include carbon taxes, emissions trading schemes, and financial incentives. Green investments in technologies and infrastructure are crucial for mitigating long-term environmental impacts. Public-private collaboration can drive innovation and expand sustainable solutions. Governments should incentivize eco-friendly technologies to attract FDI that supports sustainable development while minimizing pollution.

[bookmark: _Toc189575775]Regional and international cooperation is essential for sustainable development and long-term economic and environmental stability. Sustainable growth balances development and environmental protection, and policymakers must promote eco-friendly practices to ensure a sustainable future while fostering economic progress. Encouraging long-term sustainability is crucial, involving targets for mitigating GHG emissions and developing a regulatory framework for transitioning to a low carbon footprint economy. Continuous monitoring and evaluation of environmental policies are essential to ensure their effectiveness in reducing environmental degradation. 
[bookmark: _Toc189575776]
In conclusion, the findings highlight the need for an integrated approach to development planning that considers both economic and environmental factors. Future studies should focus on sector-specific analyses to identify key drivers of GHG emissions and energy consumption in each country. Additionally, exploring alternative economic indicators like the Human Development Index (HDI) and green GDP can provide a more comprehensive understanding of a sustainable economy, enhancing the reliability of future research and facilitating robust analyses.
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APPENDIX

[bookmark: _Toc16648][bookmark: _Toc174785204][bookmark: _Toc189575698][bookmark: _Hlk174361730]TABLE 14: DUMITRESCU & HURLIN (2012) GRANGER NON-CAUSALITY TEST RESULTS
	Null Hypothesis
	 Statistics
	p-value 

	EC does not homogeneously cause GHG
	W bar = 1.2337
[0.3305]
(0.2478)
	
0.7410 
0.8043

	GHG does not homogeneously cause EC
	W bar = 1.0198
[0.0280] 
 (-0.0322)
	
0.9776
0.9743

	GDP does not homogeneously cause GHG
	W bar = 1.7178
[1.0151]
(0.8815)
	
0.3100
0.3780

	GHG does not homogeneously cause GDP
	W bar = 3.6837
[3.7953] 
(3.4552)
	
0.0001
0.0005

	EC does not homogeneously cause GDP
	W bar = 1.1760
[0.2488]
(0.1722)
	
0.8035
0.8633

	GDP does not homogeneously cause EC
	W bar = 3.1229
[3.0023]
(2.7210)
	
0.0027
0.0065

	GDP2 does not homogeneously cause GHG
	W bar = 5.2299
 [5.9820] 
 (5.4793) 
	
0.0000
0.0000

	GHG does not homogeneously cause GDP2
	W bar = 3.7525
[3.8926] 
(3.5452)
	
0.0001
0.0004

	EC does not homogeneously cause GDP2
	W bar = 1.3842
[0.5434]
(0.4448)
	
0.5869
0.6565

	GDP2 does not homogeneously cause EC
	W bar = 0.5851
[-0.5868]
(-0.6014)
	
0.5573
0.5476

	GDP does not homogeneously cause GDP2
	W bar = 4.4864
[4.9305]
(4.5060)
	
0.0000
0.0000

	GDP2 does not homogeneously cause GDP
	W bar = 7.0099
[8.4993]
(7.8096)
	
0.0000
0.0000

	FDI does not homogeneously cause GHG
	W bar = 0.00
[0.00]
(0.00)
	
1.0000
1.0000

	GHG does not homogeneously cause FDI
	W bar = 8.4986
[10.6047]
(9.7586)
	
0.0000
0.0000

	EC does not homogeneously cause FDI
	W bar = 7.5935
[9.3246]
(8.5736)
	
0.0000
0.0000

	FDI does not homogeneously cause EC
	W bar = 0.00
[0.00]
(0.00)
	
1.0000
1.0000

	GDP does not homogeneously cause FDI
	W bar = 9.7525
[12.3778]
(11.4000)
	
0.0000
0.0000

	FDI does not homogeneously cause GDP
	W bar = 0.00
[0.00] 
(0.00)
	
1.00
1.00

	GDP2 does not homogeneously cause FDI
	W bar = 6.3670
[7.5900]
(6.9679)
	
0.0000
0.0000

	FDI does not homogeneously cause GDP2
	W bar = 0.00
[0.00]
(0.00)
	
1.00
1.00
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