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Abstract
The study examines the impact of GDP, energy consumption, human capital, and trade openness on the ecological footprint in India, spanning from 1997 to 2019. For this purpose, the time-series unit root test is used to check the stationarity of data, ARDL bound test is used to check the variables' cointegration among the variables and short-run and long-run coefficients. The results showed a long-run association between the variables. The ARDL long-run results found a positive relationship between GDP, energy consumption, and ecological footprint. Furthermore, there is an inverse relationship between human capital, trade openness, and ecological footprint. These conclusions have provided policy implications for policymakers in the context of India.
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I. Introduction 
The world has seen a significant transition and improvement in economic growth, poverty reduction, and welfare during the last forty-five years, and low-income countries are no exception (United Nations, 2015). However, these beneficial qualities frequently come with a proportional increase in environmental stressors (Krausmann et al., 2007). The global decrease in human activity due to the COVID-19 pandemic led to a historical drop in greenhouse gas emissions of about 5.4% in 2020 (Liu Z.,2020). However, as human activity gradually returns to pre-pandemic levels, greenhouse gas emissions are again increasing and approaching pre-COVID levels, and the concentrations of carbon dioxide and other GHGs steadily rose in 2021 (Emission Gap Report, 2021). The Earth's ecology, which has supplied us with clean water, food, energy, and recreation, is seriously threatened by anthropogenic activity. Natural resource availability on the earth has been surpassed by human consumption of natural resources (biocapacity) (Ahmad and Wang, 2019). To meet human needs for ecological services, we currently need a regeneration capacity of 1.6 Earths (World Wide Fund, 2016). The increase in human needs for food, water, energy, infrastructure, and other resources places pressure on the environment and causes resource depletion, waste emissions, changes in land use, and pollution (Rodolph and Figge, 2017). This type of unsustainability has provided the concept of ecological footprint.
The ecological footprint concept (Wackernagel and Rees., 1996) quantifies the cumulative impact of human consumption on the biosphere, which is calculated based on six land use categories: grazing land for livestock, forest land, cropland (needed for food and fibre), ocean, carbon footprint (forest needed for CO2 uptake), and build-up land. Each category represents how humans use the environment to meet their needs. The ecological footprint, which estimates the geographically productive land and water required to support human consumption and sequester the waste generated under current management practices and technology, is expressed in global hectares (gha) (Rashid et al., 2017). The Global Footprint Network estimates that India has an ecological footprint of 0.9 global hectares (gha) per person, lower than the global average of 1.6 gha per person but exerts significant strain on the Country's natural resources.
Economic growth is among numerous factors that are perceived to start the terrible effect of emissions because many economic operations focused on and geared toward economic expansion result in the release of pollutants (Kongbuamai., 2020). The growth-boosting activities from several economic sectors, including industry, agriculture, energy mining, and petroleum, stimulate emissions (Udemba E, 2020; Kongbuamai et al., 2020). In order to accomplish economic progress, nations depend on energy consumption majorly, and as a result, the Earth's carrying capacity is hampered due to the resulting pollution. Now, countries prefer renewable energy over non-renewable energy because environmental worries are growing, and ecological quality continues to improve as non-renewable energy sources are gradually replaced by renewable ones (Destek and Sinha, 2020). India is taking significant steps towards increasing its use of renewable energy sources. The government has set a target to achieve 175 GW of renewable energy capacity by 2022, of which 100 GW is solar power. As of 2021, India's total installed renewable energy capacity was around 94 GW, including 41 GW of solar and 39 GW wind energy (MNRE, 2022).
At present, the primary focus of all the world economies, including India, is the achievement of sustainable development goals (SDGs). While discussing sustainable development, it is crucial to remember how energy policy plays a part in reducing the rate of environmental deterioration and generating sustainable jobs, which are made possible by green growth. The reduction of ecological footprint is primarily related to sustainable development goal 12, i.e., responsible consumption and production (United Nations, 2015), and the countries can develop strategies to meet Sustainable Development Goals by implementing segregated energy solutions and cleaner manufacturing policies (SDGs) (Destek and Sinha, 2020). By reducing our ecological footprint, we can ensure that we are sustainably using resources and not depleting them faster than they can be replenished. In the case of India, it is necessary to make efforts to bring about improved policy implications.
Several academic articles demonstrate the connection between India's energy use and CO2 emissions (Paul and Bhattacharya.,2004; Pao and Tsai., 2011; Tiwari K.,2011; Ozturk and Uddin., 2012). Nevertheless, to the best of our knowledge, few studies demonstrate the connection between ecological footprint, GDP per capita, and energy usage. The critical research hole in the prior literature was that it primarily focused on one facet of energy consumption, such as oil or petroleum usage, to examine its environmental impact. In contrast, we used energy consumption, a broader term (US – energy information administration, 2020). This paper makes several policy recommendations for economic expansion and environmental protection while also attempting to identify the key factors influencing the ecological footprint. The remaining part of the paper is constructed as a literature review segment, data source and methodology, results and discussions, conclusion, and policy implications.
II. Literature review
Over the last forty years, there has been a growing body of knowledge on the correlation between income growth, energy use, and environmental degradation (Krausmann et al., 2007; Rodolph and Figge, 2017; Sinha et al.,2017). Most environmental quality indicators that researchers have considered are detrimental indicators, such as contaminants (Wang and Mauzerall, 2006; Jacobson M Z., 2009; Bollen et al., 2010; Basit et al., 2021). Studies on good environmental quality and environmental accounting indicators, like an ecological footprint, are few and far between. This section will review the previous research to determine the effects of various variables on the ecological footprint in diverse scenarios, supporting the parameterization of our investigation.
Chen et al., (2007) first investigated the relationship between China's energy consumption and ecological footprint between 1981 and 2001. They discovered that fossil fuels had an adverse impact on the ecological footprint. The methodology developed by Zhao et al. (2005) was applied in this investigation. Chen & Chen (2007) and Chen and Lin (2008) continued this work. The findings from this research were consistent with those of Chen et al. (2007). Rashid et al. (2017) calculated the ecological footprint in some areas of Rawalpindi, Pakistan, using the calculator and formula of Global Ecological Footprint and examined the living standards of urbanized areas. The study found that the urban population in these two places is living luxuriously and using resources at a rate much higher than Pakistan's biocapacity. The studies by Udemba et al., 2020, Alola et al., 2019 and Mishra and dash 2020 found a positive relationship between energy use and ecological footprint. Kongbuamai et al., (2020) found that ecological footprint has an inverse relationship with natural resources and tourism, and the study confirmed the existence of inverted U-shaped EKC in ASEAN nations. Udemba (2020) also gave similar findings for India. 
Trade openness may affect the ecological footprint via various channels, and this impact may be either beneficial or harmful, contingent on nation's industrialization and development level (Al-Mulali and Ozturk, 2015). The nations' adoption of improved technologies and cleaner production favorably impact the ecological footprint. On the other hand, in the early stages of development, the main goal of every country's policymakers is to achieve growth, even at the expense of the environment. Hence, those countries import cheap, environmentally damaging technology to increase output. In this case, the technique effect of trade openness degrades environmental quality (Mishra and dash, 2020). The significant relationship between human capital and ecological footprint is negative, implying that countries should invest in human capital to lessen the ecological footprint and environmental degradation (Ahmad and wang, 2019).
In light of previous literature, the present paper analyses the impact of the ecological footprint on GDP per capita in the case of India and suggests policies for government officials, policymakers, and researchers regarding curbing environmental degradation with economic growth.   
III. Data and model construction 
The present study investigates the impact of ecological footprint on GDP per capita and explores the major determinants of ecological footprint in India from 1997-98 to 2019-20. 1999 year is taken as the base year for the present study because environmental concerns saw considerable advancements in 1997, including significant actions made to combat climate change and protect the ozone layer, like Kyoto protocol, the Montreal protocol amended, and the establishment of the Global environmental facility, but there were also setbacks brought on by political and economic unrest (United Nations, 2015). To achieve the study objectives, we take the ecological footprint of consumption as a dependent variable since it has been regarded as an accurate and thorough environmental indicator to monitor the effect of human activities on the biosphere (Ulucak and Bilgili 2018). It is an extensively used environmental indicator in the social sciences in policy publications from the United Nations Environment Programme (UNEP) and is frequently used in the world wildlife fund (Rudolph and Figge 2017); furthermore, in our study, it is taken as a proxy of environmental accounting and posits the relationship between ecological footprint and GDP per capita, energy consumption, human capital, trade openness in India. Table 1 below highlights the names of variables, symbols, units of measurement, and data sources used in the study.  
Table1: Data source and description
	Variable
	Symbol
	Measurement unit
	Data Source

	Dependent variable

	Ecological footprint of consumption
	LEP
	Gha
	Global footprint network

	Independent variables

	Energy consumption
	LEC
	Qd. Btu
	US - EIA

	GDP per capita
	LGDP
	constant 2015 US$
	WDI

	Human capital
	LHC
	Human capital index, based on years of schooling and returns to education; see Human capital in PWT9.

	PWT  9.0

	Trade 
	LT
	% of GDP
	WDI


US – EIA united states energy information agency, PWT Penn world table, WDI world development indicators (World Bank) Qd. Btu Quadrillion Btu, Gha global hectares per person.
 Model Construction
For this investigation, five potential variables have been considered: Ecological footprints, GDP per capita, energy consumption, human capital, and trade openness. The relationship between ecological footprint and potential variables has been specified in equation 1 below.

EF is the ecological footprint of consumption, GDP is GDP per capita, EC is energy consumption, HC is human capital, and TO is trade openness.
We convert all the variables to natural log-linear form to reduce the issue with the estimated coefficients' distributional characteristics, solve the heteroscedasticity and multicollinearity issues, and improve the model fit. The empirical model is presented below in the log-linear form. 

The symbol ln depicts natural logarithm, β0 depicts intercept, and β1, β2, β3, and β4 depict slope coefficients of GDP per capita (GDP), energy consumption (EC), human capital (HC), trade openness (TO). Ecological footprint (EP), is the dependent variable and  is the error term in the regression model, which is normally distributed. t is the time period (1997– 2019).
Descriptive statistics among the variables are calculated. Augmented dickey fuller test and Phillips perron have been employed to check data stationarity. Cointegration results are validated using the ARDL bound test. After cointegration confirmation, the ARDL bound test determines the short- and long-run dynamics.
Unit root test 
Looking at the integration sequence before performing the cointegration analysis is essential. To check the order of integration, we used the augmented Dickey-Fuller (ADF) and Phillips Perron unit root test. The null hypothesis for the augmented Dickey-Fuller test is that the data is not stationary. This test is conducted by adding the lagged values of the dependent variables  as shown below:

                                                        (3)

                                                 (4)

                                           (5)
Where  is pure white noise error term and , etc. We also test whether ∅=0 and ADF follows asymptotic distribution in the ADF test.
Phillips perron test uses nonparametric statistical methods to take care of serial correlation in the error terms without adding lagged difference terms. These two tests have been applied to check the stationarity of data. 
Cointegration analysis
The literature contains several cointegration tests to investigate the long-run equilibrium relationship between our variables. For instance, a residual-based cointegration test developed by Engle and Granger in 1987 has been extensively referenced in the literature. Following the groundbreaking work of Engle and Granger (1987), numerous further cointegration tests were developed, including the tests by Johansen (1988), Johansen and Juselius (1990), Banerjee et al. (1998) ECM-based test, and Boswijk (1994). These tests are unreliable when there is a small sample size and a jumbled order of integration. Furthermore, as no test is flawless and hundred percent accurate, different cointegration tests may produce different results (Govindaraju C and Tang 2013). A researcher could be unable to choose the best cointegration test because of the contradicting results of the many tests. In this case, we use the recently developed ARDL bound test.
ARDL approach
The cointegration between LEP, LEC, LGDP, LTO, and LHC is tested using the ARDL bounds testing approach, which ensures greater efficiency and robustness, especially in small sample sets. This method has the advantage of being able to determine the case of an unknown order of integration of series as long as the series is I(0) and I(1), not I(2), and of reporting both the long- and short-term dynamics of the fitted regression with the error correction model at the same time (Pesaran et al. 2001; Hassan et al., 2017). The error correction model is specified in its unrestricted form, which presupposes that all variables are independent. The related works by (Johansen S., 1995; Fei et al., 2011) The ARDL bound test is denoted by the following:


Here, p is the lag order, α is the intercept, Δ stands for the first difference operator, and  is the residual term. F-tests are used in this work to examine the long-term equilibrium relationship between LEP, LEC, LGDP, LTO, and LHC. The Equation with the summation Σ shows the short-run relationships in the first portion and the long-run relationships in the second. To ascertain the cointegration between variables, the value of F statistics is compared with the critical values proposed by (Pesaran et al., 2001 and Narayan, 2005).
H1:  = 0; The null hypothesis H1: the variables are not cointegrated.
The joint significance of the null hypothesis that no cointegration exists between the variables is tested using F-statistic. The null hypothesis of no cointegration is rejected, and we conclude that there is a long-term relationship between the variables if the F-statistics value exceeds the upper critical value offered by Pesaran et al. (1999). We fail to reject the null hypothesis of cointegration if the F-statistics value is less than the lower bound. However, suppose the value is between the lower and upper bounds. In that case, the decision is still debatable (Brown et al., 1975) and can be resolved by employing Johansen's test cointegration or by determining whether the cointegration space is constant using the cumulative sum of recursive residuals (CUSUM) and cumulative sum of the square of recursive residuals (CUSUMSQ), respectively (Dickey and Fuller., 1979).
IV. Results and Discussion
The data description is provided in Table 2; the variables are in logarithm form. This table indicates the overall picture of the data set by showing its maximum, minimum, standard deviation, skewness, kurtosis, and Jarque Bera values. The mean and median figures for all of the variables are comparable. In the case of skewness, the values of LEC, LHC, LTO (energy consumption, human capital, trade openness) are negative, which means the series is negatively skewed. The values of the rest of the variables are positive, which means these series are positively skewed. Kurtosis values for all the variables show the platykurtic curve pattern. The results of the Jarque-Bera normality test showed that the data are normal for all variables because the probability values for all the variables are insignificant.
Table 2: Descriptive Statistics
	
	LEP
	LGDP
	LEC
	LHC
	LTO

	Mean 
	-0.019
	7.016
	2.926
	0.654
	3.655

	Median 
	-0.031
	6.991
	2.950
	0.653
	3.735

	Maximum 
	0.192
	7.571
	3.457
	0.775
	4.021

	Minimum 
	-0.215
	6.500
	2.360
	0.519
	3.118

	Standred devaition 
	0.413
	0.340
	0.368
	0.074
	0.290

	Skewness 
	0.089
	0.113
	-0.105
	-0.041
	-0.555

	Kurtosis 
	1.426
	1.760
	1.593
	1.928
	1.986

	

	Jarque - Bera 
	2.402
	1.521
	1.939
	1.106
	2.166

	Prob.
	0.300
	0.467
	0.379
	0.575
	0.338 

	


Source: Authors’ calculation
In order to look into the unit root characteristics of our variables, we used a combination of unit root tests. The ADF test findings in Table 3 show that some variables are nonstationary at level, but all the variables are stationary at first difference. The ecological footprint, energy consumption, GDP, and human capital are significant at 1% (p-value = 0.00), and trade openness at 5% (p-values = 0.01).
The findings of Phillips Perron are represented in table 3, which shows that all variables are nonstationary at the level and stationary at the first difference. We proceed to estimate the ARDL framework after confirming the stationarity of the series. The results confirm a long-term relationship between the parameters if the estimated value of the F-test is higher than the values of both limits (lower and upper bound). We reject the null hypothesis that cointegration does not exist in this case. The alternative explanation for cointegration is nonetheless rejected if the F-statistics is less than the lower bound critical value, but the result is deemed inconclusive if it falls between the two threshold critical values.
Table 3: unit root test
	Unit root
	ADF
	Phillips perron

	
	level
	1st difference
	level
	1st difference

	Ecological footprint
	-5.65
(0.00)*
	-4.92
(0.00)*
	-2.27
(0.42)
	-4.92
(0.00)*

	Energy consumption 
	-2.88
(0.18)
	-4.56
(0.00)*
	1.90
(0.99)
	-4.16
(0.00)*

	GDP per capita
	4.49
(1.00)
	-5.02
(0.00)*
	4.24
(1.00)
	-5.39
(0.00)*

	Human capital
	-3.32
(0.09)
	-14.7
(0.00)*
	-2.62
(0.27)
	-3.94
(0.02)**

	Trade openness
	-0.60
(0.96)
	-4.37
(0.01)**
	-0.61
(0.96)
	-4.37
(0.01)**


Source: Authors’ calculation, *,** represents 1% and 5% significance level, respectively.
We next used the ARDL bound test to confirm cointegration among the variables. For our investigation, we used lag length 1, which was established using the VAR lag length criteria. Table 4 provides a summary of the bound test results. The bound F test is employed to ascertain cointegration among study variables (. The results from Table 4 show that the F-statistic (10.30) is greater than the 10%, 5%, 2.5%, and 1% critical values of the upper bound, indicating that the null hypothesis of no cointegration nexus exists between ( is rejected at 10%, 5%, 2.5%, and 1% significance levels. So, there is cointegration between the study variables. After confirmation of cointegration, we estimate the long-run and short-run elasticities of the ARDL framework.
Next, we estimate the long-run and short-run association between the relevant variables. The results are shown in Table 5. The goodness of fit of the model is shown by R2 (0.99) and Adj R2 (0.98), respectively; the results of R2 and Adj R2 depicted that 99% and 98% variations in ecological footprint can be explained by GDP per capita, energy consumption, human capital, and trade openness and error can be attributed to remaining percentage.
Table 4: ARDL bound test
	Test statistic
	value
	K*

	F statistic
	10.30
	4

	                                                  Critical values

	Significance level 
	I(0) - LB
	I(1) - UB

	10%
	2.2
	3.09

	5%
	2.56
	3.49

	2.5%
	2.88
	3.87

	1%
	3.29
	4.37


Source: Authors’ calculation, 5% statistical significance level is denoted by K*; LB and UB represent Lower bound and upper bound.

Table 5: ARDL short-run and long-run results 
	variables
	short-run results
	long-run results 

	
	Coefficients
	T statistics
	P value
	Coefficients
	T statistics
	P value

	LEP(-1)
	0.37
	2.64
	0.01**
	-
	-
	-

	LGDP
	0.32
	2.04
	0.05**
	0.52
	1.76
	0.09***

	LEC
	0.59
	2.73
	0.01**
	0.95
	3.74
	0.00*

	LHC
	-3.10
	-4.09
	0.00*
	-4.97
	-3.84
	0.00*

	LTO
	-0.06
	-1.60
	0.12
	-0.11
	-1.99
	0.06***

	C
	-1.74
	-2.50
	0.02**
	-2.80
	-2.14
	0.04**

	R2
	0.99
	
	
	
	
	

	Adj R2
	0.98
	
	
	
	
	


Source: Authors’ calculation, *,**,*** represent 1%, 5%, and 10% significance levels, respectively.
The long-run ARDL estimates in table 4 show the linkage between ecological footprint and GDP per capita, energy consumption, human capital, and trade openness. The results show a long-run positive relationship between the ecological footprint and GDP per capita, and significant at the 10% level, which infers that a 1% increase in GDP per capita leads to a 0.52% increase in ecological footprint. This outcome is consistent with (Kongbuamai et al., 2020); (Udemba E.N., 2020); and (Mishra and dash 2020) show the long-run positive relationship between economic growth and ecological footprint by taking proxies of economic growth and signifies that economies are aiming for increased growth at the expense of the environment. This connection between GDP and ecological footprint can be explained by the fact that Indian economy is expanding quickly and that rapid economic expansion has increased the consumption of resources, including food, energy, water, and forest. The majority of India's energy needs are satisfied by burning fossil fuels, making it the second-largest energy consumer in the world (U.S. Energy Information Administration, 2018). Energy consumption and ecological footprint are also positively related, and results are significant at 1%. The results depicted that a 1% increase in energy consumption leads to a 0.95% increase in ecological footprint. The finding is consistent with Al-Mulali and Ozturk, 2015 and Destek and Sinha, 2020 who asserted that the ecological footprint is growing due to non-renewable energy consumption. The results for human capital reveal a long-run negative relationship between human capital and ecological footprint and significant at 1% level; the results show that 1% increase in human capital leads to 3.84% decrease in ecological footprint; this inverse relationship is conceivable because education fosters pro environmental behaviours such as energy conservation, recycling, water conservation, buying eco-labelled goods, using eco-label electric equipment, and participating in policies to reduce emissions (Ahmad and wang 2019); (Xu et al. 2012). The results show that trade openness and ecological footprint have an inverse and significant relationship at 10%. Previous studies have also reported the inverse relationship between trade openness and ecological footprint (Mishra and dash 2020; Ahmad and wang 2019). The negative effect of trade openness is not surprising because trade openness mitigates ecological footprint by adopting improved technologies and cleaner production by nations.
In short-run results, GDP and energy consumption positively affect ecological footprint, and results are significant at 5%; the elasticity of coefficients is 0.32 and 0.59, which postulates that 1% increase in GDP per capita and energy consumption leads to 0.32% and 0.59% increase in ecological footprint respectively. The findings are consistent with the long-run results. Similarly, human capital negatively impacts ecological footprint, meaning a 1% increase in human capital mitigates ecological footprint by 3.10%, and results are significant at a 1% level. On the other hand, trade openness has a negative effect on ecological footprint, but the results are insignificant and inconsistent with long-run results, establishing a negative and significant relationship between the two. It may be because it is challenging to adapt the new cleaner technology and innovation immediately in short span for developing nations. After all, the labour force is not that skilled to get acquainted with the new technology. Also, a report on skill development pathways in Asia highlighted that Asian countries are experiencing skill shortages in the manufacturing sector and responding to new technology with lag (OECD., 2010)
Table 6: Results of the diagnostic test
	Model
	Breusch Pagan Godfrey test
	Ramsey reset test
	Normality test

	EF = f (GDP,EC,HC,TO)
	F statistics 
	2.19
	0.038
	0.80

	
	P value
	0.10
	0.84
	0.66


Source: Authors’ calculation
 The results of the diagnostic test are reported in table 5. The results suggest that our model is free from heteroskedasticity (Breusch Pagan Godfrey test) and incorrect functional form (Ramsey Reset test). Moreover, the J – B normality test results indicate that the errors are normally distributed. To look into the stability of the regression coefficients, we used the CUSUM and CUSUMsq techniques. Figure 1 and Figure 2 present the findings. The cumulative sum and sum of squares plotted lines are within the 5% critical bound, indicating that the coefficient in our model is stable.
Figure 1: Plot of Cumulative Sum of Recursive Residuals
 [image: ]



Figure 2: Plot of Cumulative Sum of Squares of Recursive Residuals
[image: ]
V. Conclusion and policy implications 
The study analyses the impact of the ecological footprint on GDP per capita and explores the major determinants of ecological footprint in India from 1997-98 to 2019-20. The unit root test results show that our variables are stationary at the level and first difference. The results of the ARDL bound test confirm the cointegration between the study variables. The long-run estimates of the ARDL test show a positive relationship between GDP per capita and ecological footprint, which implies that an increase in GDP per capita surges the ecological footprint. The positive relationship between energy consumption and ecological footprint implies that energy consumption, particularly fossil fuels, degrades the environment. The negative yet significant relationship between human capital and ecological footprint implies that human capital improves the environment. The negative relationship between trade openness and the ecological footprint means that trade openness improves the environment in the long run. These conclusions have significant implications for policymakers in the context of India.
According to the estimated results, environmental degradation is the primary driver of economic expansion. As a result, it is suggested that India adjust its economic growth (GDP) strategies to address environmental deterioration. In order to reduce Ecological footprint, population growth, the use of natural resources, energy, and the ecological system must all be balanced. Energy consumption worsens the state of the ecosystem because of the heavy reliance on fossil fuels. India is among the nations that produce the most renewable energy, and the Indian government has already launched several programmes to support the sector. However, fossil fuels still account for about 75% of all energy; hence, more renewable energy projects should be started because the nation has abundant renewable energy resources.
In the human capital development report, India has been classified among the lowest 30 countries. Thus, the authorities should invest more in projects to improve human capital. Environmental awareness campaigns should also be started across the nation to educate the population about climate change and the value of pro-environmental actions, such as conserving energy and water, using renewable energy sources, and recycling. Programs promoting environmental awareness can use print and electronic media for more successful campaigns. In order to create an environmentally friendly society, the subjects of energy, the environment, and global climate change should be covered in formal education. Finally, increasing clean energy accessibility will aid in reducing ecological footprint by improving energy efficiency and introducing energy management alternatives nationwide. Policymakers are urged to implement measures that promote ecologically friendly tools, utilities, and transportation to curb long-term environmental degradation. In conclusion, as India strives to meet its economic goals, it should also step up efforts to improve environmental performance.
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