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The ongoing adverse effects of climate change produced by carbon dioxide emissions have sparked global advocacy to face its adverse consequences with the utmost vigor. Pakistan’s contribution to global emissions is less than 1% while it is among the most vulnerable countries facing threat of climate change. The sources of carbon dioxide (CO2) emissions by particular nations must be understood to comprehend the procedures necessary to reduce emissions globally. This study is a contribution to empirics of the CO2 emissions, gross domestic product, crop production index, livestock production index, population, agricultural land, land under cereal crop and agriculture value-added. This study considered annual data from 1961 to 2014 for the country of Pakistan. We performed an Autoregressive distributed lag (ARDL) bound testing approach to investigate the long-run and short-run association among all research variables. To check the stationarity of the study variables, we also employed Augmented Dickey-Fuller and Phillips-Perron (P.P.) tests. The outcomes of the long-run estimates indicate that the coefficients of agricultural land and land under cereal crop have a positive and significant relationship with CO2 emissions, while the coefficients of crop production index have a negative and significant relationship with CO2 emissions, respectively. The outcomes from short-run estimates show that the coefficients of crop production index and livestock production index are both positive and statistically significant, which implies that these variables are crucial in boosting carbon emissions. The error correction model value is also negative and statistically significant, indicating the deviation of CO2 emissions to other variables from short-run to long-run equilibrium. According to the Pairwise Granger causality test, there is evidence of both unidirectional and bidirectional causation between the research variables. Based on the research outcomes, the government must carefully consider its regulations on agricultural and livestock production and embrace ecologically friendly techniques in the agriculture sector, which may minimize carbon emissions over time.
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INTRODUCTION
Greenhouse gas (GHG) emissions and their impact on the external environment are causing severe concerns for businesses, industries and policymakers globally. Global warming is also being taken seriously by almost every country worldwide. Carbon dioxide (CO2) emissions are one of the main contributors to global warming; thus, it has gained more attention from academicians (Appiah et al., 2017). Nearly 30 billion tonnes of CO2 emissions are released into the atmosphere each year as a result of day-to-day human activities (Iwata and Okada 2014). The increasing threat of climate change and global warming, which is attributed to rising levels of greenhouse gases, has led to a strand of literature that examines the dynamics of various greenhouse gases (Churchill et al., 2020). Actually, our planet has continuously witnessed the changing of climate since the beginning of time, but especially in the last century, the increase in human activities has led to the shortening of the climate change period (Lott et al., 2017; Bakır et al., 2022) Researchers have investigated the impact and mechanism of agricultural GHG emissions and alternate ways to lessen its effect (Amuakwa-Mensah and Adom 2017; Alper and Onur 2016; Smith 2012). Global food security is being threatened by climate change. This concept increasingly demands human and environmental resources, which poses a severe threat to the social, economic and ecological sustainability of resource-poor developing areas such as South Asia (Bokhari et al., 2018; IPCC 2014; IPCC 2018). Previous scholars argued that the consequences of such weather and climate variability negatively affect these regions’ environmental resources (Abid et al., 2016; Woods et al., 2017; Atif et al., 2018). Whereas these contextual settings’ economic and social viabilities depend on the agricultural outputs, coordinated efforts are required to ensure agro-based economies’ resilience.
The global livestock production is increasing rapidly as the demand for livestock products for human consumption increased. The livestock sector provides more than one-third of human protein needs and is a major provider of livelihood in almost all developing countries. Twenty-six percent of global land area is used for livestock production and forest lands are continuously being lost to such activities (Sakadevan and Nguyen 2017). About 60% of global biomass harvested annually to support all human activity is consumed by livestock industry, undermining the sustainability of allocating such large resource to the industry. It is a major contributor to human nutrition (protein) and health and provides a buffer against grain shortage assuring food security to human population (Smith et al., 2013). A previous study conducted in Pakistan focused on the relationship between carbon dioxide emissions, crop production, livestock production and population growth. The results from the vector error correction model (VECM) indicated that crops production, livestock production and population growth have a negative effect in the long-run and positive influence in the short-run on carbon dioxide emissions in the study period (Rehman et al., 2021).
Mainly, there are a lot of misconceptions about how agricultural development technologies and climate change may influence crop production capacity as well as operational procedures or driving mechanisms (Zhang and Huang 2013; Tao and Zhang 2013). Agriculture, forestry and land use directly accounts for 18.4% of greenhouse gas emissions while the energy sector generates 73.2% of greenhouse gas emissions in Pakistan. According to the Intended Nationally determined Contribution (INDC), Pakistan’s total greenhouse gas emissions have increased by 123% in 21 years from 1994 to 2015. Despite being a low producer of CO2 emissions (0.2 million metric tons), Pakistan has been one of the most adversely affected countries by global warming. Unfortunately, to address this problem, Pakistan has not taken any significant actions (Smadja et al., 2015). This incurs enormous costs due to property and infrastructure damage, decreased agricultural production, and the cost of rehabilitating regions adversely affected by natural calamities due to frequent climatic disasters. Comparing with other sector like commercial building operations which indicates the most significant potential in cost-effective emission reduction, is essential to be discussed. Previous research conducted in China and the United State (U.S.) investigated the carbon neutrality pathway of the commercial building operations. The results indicated that CO2 abatement efficiency in China was 1.1–1.9 times that of the U.S., although CO2 abatement in China and the U.S. in 2001–2018 was very similar (Zhang et al., 2022a). In the same context, to further conduct deep decarbonization and carbon neutrality, strategies of building integrated power generation, building electricity decarbonization and building energy efficiency can achieve 34.3, 29.7 and 22.5% of carbon abatement in China and 31%, 45.4% and 10.2 of carbon abatement in the U.S., respectively (Zhang et al., 2022b). Another study conducted in 16 economies investigated that the carbon intensity will decreased by an average of 1.42 and 2.93% per year in the periods of 2000–2010 and 2010–2019, respectively (Xiang et al., 2022). The study evaluated the carbon emission intensity of global commercial operations continued to decline from 2000 to 2019, and trend was more significant.
Among the developing countries of South Asia, Pakistan’s economy is growing rapidly, and it is expected that Pakistan’s economic growth will continue with the same trend in the future (Aftab et al., 2021). Pakistan’s economy depends mainly on agriculture, and agriculture is the main dominant sector of the country. Still, due to the rapid growth of the industrial sector in Pakistan, agricultural land is declining. Besides this, rapid growth in population causes deforestation; Pakistan is the top-ranked country in Asian countries that faces deforestation. Pakistan is one of several countries in the world that are currently at risk from climate change. The nation is experiencing sweltering summer and freezing winter. Meteorological variables monitor resource availability and manage the necessary fundamental growth processes. Because of this, agriculture is very susceptible to climate change. Nonetheless, the phenomena and patterns underlying this fact are vague and ambiguous (Tao and Zhang 2013; Tao et al., 2014; Wilcox and Makowski 2014). In Pakistan, CO2 emission occupies the maximum share (60 percent) among all the greenhouse gases (Khan et al., 2004). CO2 emission in Pakistan was noted to be 32,067 kilotons (kt) in 1980 (World Development Indicator), while the trend increased by 8 percent to 10 percent per annum. The total emission of CO2 has increased to 158,000 kilotons (kt) since 2014. A study by (Lin and Raza 2020) narrated that over the last few decades, due to extraordinary population growth, agricultural productivity, energy demand and economic growth have solved the problem of food security. However, it exponentially increased the CO2 emissions in the country. Pakistan’s agriculture is a pathway for rural development and earning for rural areas. Directly or indirectly, about 70% of the rural population is involved in the agricultural industry, and agriculture accounts for more than 21% share of Pakistan’s GDP (Ahmed et al., 2018; Koondhar et al., 2018). With the intention of raising food production, Pakistani farmers apply fertilizer excessively. Due to over-fertilization, traditional ways of growing food and increasing food production efficiency result in decreased soil fertility, contaminated subsurface water, and higher production cost. By 2050, around 20% of the production increases will be due to the expansion of agricultural land (Bruinsma 2009). Nevertheless, studies have shown that even if the two locations’ climates are uniform, the agricultural output might still be substantially varied. This is because of the variations in agricultural technology, mechanization, and different inputs like fertilizer and seed. For instance, the average yield in E.U. is 5 tons per hectare, whereas in the developing world, it is 3 tons per hectare and in SSA, it is only 1.2 tons per hectare (FAO 2013). To improve predictions on the consequences of climate change and modern agricultural technology on crop production, it is necessary to identify unanticipated dynamic aspects contributing to crop yield improvement. It will also contribute to enhancing existing agricultural adaptation techniques in the future.
The main contributions of our study are as follows: first, this research work explores the association between carbon dioxide emissions and specific crucial macro-level parameters that have not been studied before in the context of Pakistan. Second, the study tests autoregressive distributed lag model to determine the relationship between CO2 emissions and all other chosen parameters. Third, the findings will be helpful to policymakers in establishing an environmental and agricultural-related policy that will strengthen the advanced crop production technologies and reduce carbon emissions to ensure a clean environment. This study recommended the reorganization of production techniques in agriculture in favour of more sustainable practices.
Therefore, this current study employed the ARDL model to identify the relationship between carbon emissions, gross domestic product, crop production index, livestock production index, population, agricultural land, land under cereal crop and agriculture value-added on historical data of Pakistan from 1961 to 2014. The remaining portion of the study is organized in the following way; the second part is a review of previous research on the interconnections among the selected variables. The third part illustrates the materials and methods section, including the model specification and description of the data sources. The fourth part summarizes, the findings and discussions section, which consists of descriptive analysis, unit root measurements, ARDL bound tests, long-run and short-run estimations and diagnostic tests. The fifth part is the conclusion of the study.
LITERATURE REVIEW
Agriculture seems to be the most sensitive economic sector to such changes, and multiple researchers have sought to investigate the consequences of global warming on agricultural yields and productivity over the last 3 decades (Adams et al., 1990; Mendelsohn et al., 1994; Parry et al., 2004; Schlenker and Robert 2009; Attavanich and McCarl 2013; Miao et al., 2015). By the mid of 20th century, agricultural production has been kept at the same speed of growing population to feed the fast-growing population by increasing the applications of inputs which leads to more carbon emission from the agricultural industry (Burney et al., 2010). Likewise, prior research showed that the future food supply availability may not be sufficient to fulfill demand due to climate change’s expected negative effects on the global agricultural chain (Attavanich and McCarl 2013; Brown et al., 2017). It is forecasted that between 2080–2100, the agricultural output will be reduced by 15–30 percent (FAO 2013). Africa, Latin America and Asia may experience a further decline in crop productivity unless proper adaptation strategies are implemented. According to the estimate of previous research, it would cost about 5–10 percent of GDP to implement climate change adaptation strategies in Africa (Boko et al., 2007). Moreover, they anticipated that by 2020, agricultural production would have decreased by around 50 percent, and crop revenue might have dropped by as much as 90 percent by 2100. Therefore agriculture is known as the main contributor to pollution by the different emissions such as carbon emissions from cattle, from agricultural soil due to using fertilizer, and rice production (Tubiello et al., 2013). The increasing applications of fertilizer result in increasing nitrogen emission by the strong influence of radiations (Reay et al., 2012). Considering the increasing demand for fossil fuel in agriculture for operating agro-based modern machinery, it leads to an increase in carbon emission (Lal 2004).
As changes to the environment become more dynamic, the impact of livestock farming on the natural ecosystem is becoming more apparent. Not only is livestock a source of milk, eggs and meat, but it is also the primary source of income for a substantial part of the population and a major contributor to national gross domestic product (GDP). A previous study examined the relationship between livestock and crop production and CO2 emissions using the Autoregressive Distributed Lags (ARDL) model and variance decomposition (Sarkodie and Owusu 2017). The results of this study, set in Ghana, show that increasing crop and livestock production resulted in increased CO2 emissions. The outcomes also discovered bi-directional Granger causality between crop production and CO2 and livestock production and CO2. Another study in BRICS countries investigated the causal relationship between agricultural production and carbon emissions from 1973 to 2013 (Appiah et al., 2018). Using the dynamic ordinary least square (DOLS) and fully modified ordinary least square (FMOLS) methods, a 1% increase in economic growth, crop production, and livestock production increased carbon emissions by 17, 28, and 28%, respectively.
The nexus between agricultural production and carbon emission from agriculture is not certain clear. First, the farmers pay attention to invest in increasing productivity by increasing inputs which exerts pressure on the environment as well as the agriculture industry in the long- and short-run, those applications can increase productivity but instigate damage to the environment and soil fertility in the long run (Koondhar et al., 2021). The consensus among scholars on economic growth and its effect on the environment is that development damages the natural environment, especially during the early stages. Many studies have proved that rapid economic growth leads to a rapid increase in carbon emissions (Kasman and Selman 2015; Azam et al., 2016; Elliott et al., 2017). A comparative study between India and China was conducted on the causal relationship between energy consumption, economic growth and carbon dioxide emissions. In China, economic growth and energy consumption were found to directly cause an increase in carbon emissions, but in India, this relationship could not be established (Jayanthakumaran et al., 2012).
The empirical evidence and recent research reflect that population growth is one of the main reasons for CO2 emissions globally. The previous study conducted in OECD countries proved that; there exists a negative relationship between population growth and emissions (Özokcu and Özdemir 2017). On the other hand, few researchers proved a significantly positive relationship between growth and emissions (Bargaoui et al., 2014; Feng et al., 2015; Yeh and Liao 2017; Yu et al., 2018). The profound study has established a linkage between GDP, agricultural value-added, CO2 emissions and the occupied land under cereal crops from 1961-to 2014 in Pakistan; it showed an insignificant positive relationship among the mentioned variables in the long run. While, in the short run, it was insignificant and negative. Based on these unique findings, researchers urgedpolicymakers to make policies to minimize CO2 emissions (Ali et al., 2019b).
STUDY MATERIALS AND METHODOLOGY
Data sources and description
A recent study considered annual data for Pakistan covering 1961 to 2014. The primary difficulty was data availability; thus, we have chosen a time range due to the limited availability of variables in the study. The different variables data for this study were obtained from the World Development Indicator and the Pakistan statistical yearbook. The present study planned to use carbon dioxide emissions (CO2) data in kilotons. The gross domestic product (GDP) is measured in current U.S. dollars. The crop production index (CPI) and livestock production index (LPI) data were taken from 2004 to 2006 = 100. Population (POP) data is the country’s total population during the study period from 1961 to 2014. The agricultural land (AL) data is taken in square kilometers, while land under cereal crop (LCC) is taken in hectares. The last variable, agriculture value-added (AVA), is taken as a percentage of GDP. Table 1 summarizes the time-series data used by the model. The objective of this study is to establish the relationship between CO2 emissions, GDP, CPI, LPI, POP, AL, LCC and AVA, respectively.
TABLE 1 | Data elaboration and sources.
[image: Table 1]Model specification
This research employed Autoregressive Distributed Lag (ARDL) bound methodology introduced by (M. H. Pesaran et al., 2001) to assess the equations when the variables are stable at a level I(0) as well as at a first difference I(1) (Shahbaz et al., 2013; Asumadu-Sarkodie and Owusu 2016; Rahman et al., 2017; Danish et al., 2018). There might be a possibility of a spurious regression while using time-series data. To avoid spurious regression, a co-integration method was designed and used to identify a long-run connection among time series variables (Nkoro and Uko, 2016). According to the previous study, the concept of co-integration may be understood when two or more integrated individual series are exhibited, although some of these linear combinations simply show integration at a lower order (Engle and granger, 1987). These sorts of series are considered co-integrated. In this study, we incorporated the ARDL approach to evaluate the long-run association among the modelled variables.
There are several advantages of the model that is used in this study. 1) The ARDL model is appropriate if the sample size is small. 2) Another aspect of the ARDL model is that it is used whether the variables were stationary in their level form [I (0)] or integrated at the first order and stationary in their difference [I (1)] or a mixture of both I (0) and I (1). (c) It is feasible to simultaneously estimate long-run and short-run coefficients using the ARDL model. The short-run coefficients designate the relationship between the deviation of the dependent variable and its long-run tendency. It is essential to mention that in the ARDL approach, both the bias-corrected bootstrap technique and nonlinear functions of the conditional error correction model coefficients can be used to estimate the statistical effects of the long-run relations between study variables.
Relying on the econometric model, this study estimated the linkage between the dependent variable (carbon dioxide emissions) and the independent variables (gross domestic product, crop production index, livestock production index, population, agricultural land, land under cereal crop, agriculture value-added (Zakarya et al., 2015; Rahman et al., 2017; Saidi et al., 2017; Mbarek et al., 2018). The variables can be expressed using the following econometric notation;
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All the model variables are converted to their logged form (ln). The parameters in Eq. 2; [image: image] are the long-run elasticity coefficient of gross domestic product, crop production index, livestock production index, population, agricultural land, land under cereal crop and agriculture value-added for carbon dioxide emissions correspondingly and [image: image] is the error term.
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Where the [image: image] is the first difference operator, the parameters [image: image] while the coefficient of the long-run relationship is denoted by [image: image] are the elasticities and the [image: image] donates the residual term. After validating the long-run relationship between variables in the study, we will evaluate the short-run relationship between variables by developing an error correction model (ECM) based on ARDL techniques. The following is an expression for the error correction model:
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RESULTS AND DISCUSSION
Descriptive statistics and correlations
Descriptive statistical analysis is aimed to understand the fundamental features of all the research variables. Skewness measures the degree of unevenness of the collected data, whereas kurtosis determines the uniformity of the dispersion order. According to Table 2, LnGDP, LnCPI, LnPOP and LnLCC, all have negative leftward tails, while the remaining variables have positive rightward tails, respectively. The Jarque-Bera (J-B) test is used to determine the normality of all variables. The J-B test displays highly insignificant values at a 5 percent significance level, indicating that all the variables’ residuals are normal. Consequently, kurtosis can be classified into three states, 1) Mesokurtic represents the natural dispersion where the kurtosis value is equal to 3, 2) Leptokurtic determines a peaked arc where the positive kurtosis is more than three and 3) lastly the Platykurtic postulates flatted arc where negative kurtosis value is less than 3. The outcomes illustrated in Table 2 demonstrate that only LnAL is Leptokurtic, with the kurtosis value greater than 3. The remaining research variables are Plarykurtic, with the kurtosis value smaller than 3.
TABLE 2 | Descriptive statistics analysis for all variables.
[image: Table 2]In order to establish the interrelationship between variables, Table 3 summarizes the correlation analysis conducted for all variables. The findings reveal that LnGDP, LnCPI, LnLPI, LnPOP and LnLCC impact carbon dioxide emissions, with 97.8197 percent, 97.7695 percent, 99.3391 percent, 98.8421 percent, and 95.6098 percent, respectively. It has been illustrated from the trend analysis (Figure 1) that all the research variables except agricultural land and agriculture value-added have an increasing upward trend from 1961 to 2014 in Pakistan.
TABLE 3 | Correlation statistics.
[image: Table 3][image: Figure 1]FIGURE 1 | All individual graphs for dataset trends.
Unit root test results
Knowing the stationarity characteristics of study variables is crucial before estimating ARDL bounds testing. We initially performed the unit root tests to prevent spurious regression. We use the Augmented Dickey and Fuller (ADF) test that was introduced by (Dickey and Fuller 1979) and Phillips-Perron (P.P.) unit root tests (Phillips and Pierre Perron 1988). According to the ADF results, the variables LnAL and LnAVA were stationary in their level and first difference form (Table 4). At the same time, the outcome from P.P. shows that the variables LnCO2, LnGDP, LnLPI, and LnLCC were not stationary in level form but became stationary at their first differences at the 1 percent level of significance. Variables LnCPI, LnAL and LnAVA were stationary in both levels and at the first difference at a 1 percent significance level. Table 4. Results of unit root testing.
TABLE 4 | Results of unit root testing.
[image: Table 4]Selection criteria for lag order
It is critical to discover the number of lags that should be utilized in the ARDL estimation. Consequently, we used unrestricted Vector Autoregression (VAR) lag selection criteria to identify the optimal number of lags for the model. Both Akaike Information Criterion (AIC) (Akaike 1974) and Schwarz Information Criterion (SIC) (Schwarz 1978) are some of the most frequently used criteria. This current study used the AIC lag selection analysis, demonstrating that lag two is our model’s best-chosen lag value (Table 5). Earlier researchers employed the AIC criteria to determine the lag length in the ADF test (Farhani and Ozturk 2015; Jebli and Ben Youssef 2017; Xu and Lin 2017; Rauf et al., 2018; Ali et al., 2019b; Naseem et al., 2020; Ali et al., 2021a; Ali et al., 2021b).
TABLE 5 | Lag selection criteria.
[image: Table 5]ARDL testing method
Having performed the unit root test, the next step is to run the ARDL bounds testing technique. Generally, the ARDL bounds testing method is mainly based on the AIC and SIC because they provide relatively parsimonious specifications. The calculated findings in Table 6 demonstrate that the F-statistics calculated value is 4.237766, higher than the lower and upper bound values at a 5 percent significance level, indicating that the ARDL model should be used in this circumstance. The results indicate that the null hypothesis is denied, indicating no co-integration, while the alternative hypothesis of co-integration is acknowledged. Figure 2 illustrates the top 20 probable feasible lags for the ARDL model.
TABLE 6 | ARDL bounds test co-integration (time series model).
[image: Table 6][image: Figure 2]FIGURE 2 | ARDL model selection criterion.
Johansen test of co-integration
Consequently, this research then sums up Johansen’s co-integration approach suggested by (Johansen and Juselius 1990) to find out the long-run connection between carbon dioxide emissions, gross domestic product, crop production index, livestock production index, population, agricultural land, land under cereal crop, and agriculture value-added. The outcomes of the trace statistic test showed that six co-integration equations are statistically significant at a 5 percent level (Table 7). Whereas the outcomes of the maximum eigenvalue test showed that five co-integration equations are statistically significant at a 5 percent level. The findings of the trace statistics and maximum eigenvalue tests discover that there has been a long-run relationship between the selected research variables.
TABLE 7 | Johansen co-integration test results.
[image: Table 7]Estimations of long-run and short-run
The results of the long-run coefficient were presented in Table 8, which shows that the coefficients of agricultural land and land under cereal crops were both positive and statistically significant. A 1 percent increase in agricultural land and land under cereal crops will lead to a 3.427185 percent and 4.394142 percent increase in CO2 emissions. The findings also estimated that the population coefficient was positive but not statistically significant. Moreover, the crop production index coefficient was negative and significant, which means that a 1 percent increase in crop production index will lead to a 2.725534 percent decrease in CO2 emissions. The coefficients of the remaining study variables (gross domestic product, livestock production index and agriculture value-added) were all negative and non-significant.
TABLE 8 | ARDL long-run and short-run estimations [selected model: (1, 1, 2, 2, 1, 0, 0, 0)].
[image: Table 8]The empirical data suggest a short-run relationship between the variables based on the ARDL bounds test technique. The coefficient of crop production index and livestock production index are positive and statistically significant at a 1 percent level. This implies that the crop production index and livestock production index will play a critical role in boosting CO2 emissions in Pakistan in the short run. The results estimate that a 1 percent increase in the crop and livestock production index leads to an increase in CO2 emissions by 0.466920 percent and 1.333191 percent, respectively (Table 8). The gross domestic product has a positive and non-significant impact on CO2 emissions in short-run estimates. The findings also reveal that the coefficient of population is negatively significant, meaning that a 1 percent increase in population will lead to an 8.990074 percent decrease the carbon dioxide emissions. The outcomes of the short-run estimates provide an error correction model (ECM) that reflects the co-integration connection between the variables. The outcomes indicate that the coefficient of ECM(-1) is negatively significant at a 1 percent level, indicating that the disequilibria from the shock of previous year converge to the long-run equilibrium in the current year by around 0.225329 percent.
ARDL diagnostic tests
Depending on the recursive regression residuals, the cumulative sum (CUSUM) and cumulative sum of the square (CUSUMsq) analyses were used, as proposed by (Brown et al., 1975), in a befitting manner to implement the model reliability. According to this test, it would be suggested that the estimated coefficient of ARDL model is stable if the statistical line falls within the critical boundaries at a significance level of 5 percent. Figure 3 demonstrates that the carbon dioxide emissions statistics are inside the 5% critical lines, indicating that the model coefficients are stable and that we can confidently perform the ARDL model. Several scholars have also performed CUSUM and CUSUMsq tests to ensure the model’s reliability (Ploberger and Kramer 1992; Xiao and Phillips 2002; Lee et al., 2003; Westerlund 2005; Afzal et al., 2010; Huang et al., 2011; Seker et al., 2015; Ali et al., 2019a; Ali et al. 2019b; Ali et al. 2019c; Rehman et al., 2019; Ali et al., 2020). Furthermore, we conduct additional diagnostic tests to confirm the reliability of the ARDL model employed in this research, with favorable outcomes for the selected variables. These diagnostics tests include the Breusch-Godfrey serial correlation L.M. test and the Heteroskasticity test, displayed in Table 9. By demonstrating the inverse root of A.R. polynomial estimate, Pesaran (Pesaran and Pesaran 1997) introduced the stability vector autoregression (VAR) test. Figure 4 demonstrates that all of the green dotted-shaped patterns are contained within the blue circle, indicating that our model is stable and valid.
[image: Figure 3]FIGURE 3 | CUSUM and CUSUMsquare tests.
TABLE 9 | Model diagnostic tests results.
[image: Table 9][image: Figure 4]FIGURE 4 | Inverse roots of AR characteristic polynomial.
Pairwise Granger causality and variance decomposition analysis
By hand investigation, to determine the robustness of the selected model, we performed a Pairwise Granger causality test (Granger and Jji 1988). Table 10 estimates the Pairwise Granger causality test, which illustrates the directional relationships between the selected variables at a given time. The findings suggest a unidirectional causality between LnCO2 to LnGDP, LnPOP to LnCO2, LnAVA to LnCO2, LnGDP to LnLPI, LnGDP to LnLCC, LnCPI to LnLPI, LnPOP to LnCPI, LnAL to LnCPI, LnCPI to LnLCC, LnAVA to LnLPI, LnPOP to LnLCC and LnAVA to LnLCC. The results show a bidirectional causality between LnLPI to LnCO2, LnPOP to LnGDP and LnPOP to LnLPI, respectively.
TABLE 10 | Pairwise Granger causality test.
[image: Table 10]In addition, we calculated Cholesky’s technique of random innovation to determine the variance decomposition for all variables (Payne 2002). The outcomes estimated in Table 11 show that around 0.41 percent of the future variation in LnCO2 is due to disturbances in LnGDP, 5.44 percent of the future variation in LnCO2 is due to disturbances in LnCPI, 0.59 percent of the future variation in LnCO2 is due to disturbances in LnLPI, 0.13 percent of the future variation in LnCO2 is due to disturbances in LnPOP, 6.5 percent of the future variation in LnCO2 is due to disturbances in LnAL, 1.95 percent of the future variation in LnCO2 is due to disturbances in LnLCC, and 5.44 percent of the future variation in LnCO2 is due to disturbances in LnAVA, respectively. Descriptions from the outcomes indicate that almost 6.16 percent of the future variation in LnGDP is due to disturbances in LnCPI, 2.09 percent of future variation in LnGDP is due to disturbances in LnLPI, 3.14 percent of the future variation in LnGDP is due to disturbances in LnPOP, 0.29 percent of the future variation in LnGDP is due to disturbances in LnAL, 4.16 percent of the future variation in LnGDP is due to disturbances in LnLCC, and 18 percent of the future variation in LnGDP is due to disturbances in LnAVA. Furthermore, suggestions from the outcomes show that nearly 4.55 percent of the future variation in LnCPI is due to disturbances in LnLPI, 1.76 percent of the future variation in LnCPI is due to disturbances in LnPOP, 2.77 percent of the future variation in LnCPI is due to disturbances in LnAL, 6.91 percent of the future variation in LnCPI is due to disturbances in LnLCC and 23.1 percent of the future variation in LnCPI is due to disturbances in LnAVA, respectively. Finally, the evidence from variance decomposition results show that around 1.45 percent of the future variation in LnAVA is due to disturbances in LnCO2, 0.41 percent of the future variation in LnAVA is due to disturbances in LnGDP, 0.91 percent of the future variation in LnAVA is due to disturbances in LnCPI, 19.7 percent of future variation in LnAVA is due to disturbances in LnLPI, 8.07 percent of the future variation in the LnAVA is due to disturbances in LnPOP, 1 percent of the future variation in the LnAVA is due to disturbances in LnAL, and 4.11 percent of the future variation in LnAVA is due to disturbances in LnLCC, respectively.
TABLE 11 | Variance decomposition cholesky ordering: LnCO2 LnGDP LnCPI LnLPI LnPOP LnAL LnLCC LnAVA.
[image: Table 11]CONCLUSION AND POLICY IMPLICATIONS
The persistent threat posed by climate change resulting from carbon dioxide emissions has compelled world leaders to strive diligently to tackle it with full seriousness. In this study, we analyze the relationships among the carbon dioxide emissions, gross domestic product, crop production index, livestock production index, population, agricultural land, land under cereal crops and agriculture value-added in Pakistan between 1961 and 2014. We perform ADF and PP unit root tests on all research variables before employing an Autoregressive Distributed lag (ARDL) bound technique to determine the short-run and long-run correlations between all study variables.
The outcomes of the short and long-term approximations display that most of the study variables have a statistically positive relationship with the dependent variable (carbon dioxide emissions). The F-statistics value was 4.237766, higher than the upper bound value at a 1 percent significant level. The results of the long-run coefficient show that the coefficients of agriculture land and land under cereal crops were both positive and statistically significant. The findings also estimated that the coefficient of population was positive but not statistically significant. In addition, the coefficient of crop production index was negative and statistically significant, revealing that an increase in crop production index will lead to a decrease in carbon dioxide emissions. The outcomes from short-run estimates show that the coefficients of CPI and LPI are both positive and statistically significant, which implies that these variables are crucial in boosting carbon emissions. According to the short-run relationship estimates, the error correction model (ECM) was negative and statistically significant at a 1 percent level, indicating that around 0.225329 percent of disequilibria from the previous year’s shock converge to the long-run equilibrium in the current year. Moving to the Pairwise Granger causality analysis, the outcome reveals unidirectional and bidirectional causality between chosen variables for this research work.
We focused on Pakistan for this research because the country’s economic growth and carbon dioxide emissions are hampered by increasing population and energy shortages. According to the findings of this study, Pakistan should address the major problems facing its agricultural sector, notably those related to crop and livestock output. The outcome of this research might lead to a number of different policy changes that would guarantee long-lasting progress.
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Long-run estimations

Variables Coefficient Std. Error t-Statistic Prob
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Short-run estimations

Variables Coefficient Std. Error t-Statistic Prob.
D (LnGDP) 0.060055 0050625 1186275 0.2431
D (LnCPI) -0.281260 0115247 2440498 0.019
D (LnCPI(-1)) 0466920 0.109654 4258125 0.0001
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Unrestricted co-integration rank test (trace)

Hypothesized No. of C.E. Eigenvalue Trace statistic 0.05 critical value Prob.**

(s)
None 0846012 3317223 159.5297 00000
At most 1 0735804 2363074 1256154 00000
At most 2 0675946 168.4231 95.75366 0.0000
At most 3 0566828 1109540 69.81889 00000
At most 4 0496274 68.28642 4785613 00002
At most 5 0326300 33.31455 2979707 00189
At most 6 0217087 1317105 1549471 0.1087
At most 7 0013431 0.689603 3.841466 0.4063

Unrestricted co-integration rank test (Maximum Eigenvalue)

Hypothesized No. of CE(s) Eigenvalue Max-Eigen Statistic 0.05 Critical value Prob.**
None 0.846012 95.41488 5236261 0.0000
At most 1 0735804 67.88436 46.23142 0.0001
At most 2 0.675946 57.46902 40.07757 0.0002
At most 3 0.566828 42.66761 33.87687 0.0035
At most 4 0496274 34.97187 27.58434 0.0047
At most 5 0.326300 20.14350 2113162 0.0683
At most 6 0217087 12.48145 14.26460 0.0939
At most 7 0.013431 0.689603 3.841466 0.4063

Max-eigenvalue test indicates 5 cointegrating eqn(s) at the 0.05 level.
v Kavirion-Hag-Michalis (1999) p-valins,
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