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The global phenomenon of environmental deterioration often signifies the increase in ecological footprint and emissions levels that adversely affect the earth's biocapacity. This results from the use of substantial fossil fuels energy sources, industrialization, and extensive economic activities in developing countries. In this context, the study examine the impact of energy depletion, technical cooperation grants, and industrialization, on the load capacity factor of Pakistan from 1970 to 2022. To accomplish this, this study employs the innovative dynamic autoregressive distributed lag (ARDL) simulation approach, providing fresh insights that contrast with earlier conclusions. The authors contribute to focusing the supply-side dynamics of ecological deterioration indicators, namely load capacity, from the viewpoint of Pakistan, distinguishing our research from existing academic publications. Our results, however, demonstrate a markedly favorable effect of technical cooperation grants on the load capacity factor in enhancing environmental safety. Furthermore, energy depletion and industrialization adversely impact the load capacity dynamics, exacerbating environmental deterioration. Moreover, the study conducts a sensitivity analysis by comparing the results obtained using the load capacity factor with those derived from ecological footprints. Consequently, we advocate for the development of realistic policies to mitigate the adverse impacts of energy depletion and industrialization via the effective use of energy sources to preserve biodiversity.
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1 Introduction

Due to the rapid advancements of industrialization, carbon emissions into the Earth's atmosphere have been significantly increased by human activities (United Nations, 2023). The primary cause of this increase is attributed to the burning of fossil fuels, including natural gas, coal, and petroleum (Lin and Ullah, 2024a). As a result, the Earth's average surface temperature has been rising gradually, which has had disastrous consequences in the form of rising sea levels, heat waves, floods, and droughts. Moreover, the acidification of seas, depletion of biodiversity, and several other biological and environmental consequences have been ascribed to carbon emissions produced by human activity (Tang and Kim, 2023). The weather patterns pose a significant threat to the existence of humanity as a result of global warming. It is crucial to address this problem and take action to decrease CO2 emissions, therefore mitigating the impacts of climate change on our world and safeguarding the wellbeing of future generations. In order to achieve this, it is necessary to identify climate-triggering indicators. Our research emphasizes the significance of END, TCG, and IND as significant environmental factors, all of which have hitherto been disregarded concerning environmental sustainability.

Pakistan is a populous country with expanding industrial and agricultural sectors, and addressing energy and environmental challenges is crucial for sustainable development. Energy scarcity and dependence on fossil fuels affect Pakistan's economic and social wellbeing and exacerbate global concerns such as climate change and air pollution. Moreover, Pakistan's diverse ecosystems, like mangroves and glaciers, are at risk of degradation and loss, affecting global biodiversity and water resources (Liu et al., 2022). Pakistan is the sixth most populous country in the world, and its energy demands are growing to support economic development and improve the quality of life of its citizens (Raza et al., 2022). Meeting these energy needs sustainably and efficiently is critical for Pakistan and global energy security and stability (Tao et al., 2022; Jiakui et al., 2023). Energy depletion has received widespread attention in recent years as an urgent issue. Fossil fuels have been the primary energy source for centuries, but their use is rapidly diminishing due to their finite nature (Brodny and Tutak, 2023; Verelst et al., 2023). Finding sustainable energy alternatives has become most important as energy demand rises. There are numerous adverse effects associated with energy depletion, including resource scarcity, greenhouse gas emissions, pollution, and loss of habitats (Wang et al., 2023b; Yousaf Raza and Lin, 2023). The demand for fossil fuels has increased by 2.3% over the last 10 years, while global energy consumption has doubled (IEA, 2022).

Furthermore, the growing demand for electricity has increased energy consumption by 50% (Sun et al., 2023a). A rapid rise in the production of domestic and industrial products is causing developing countries to generate waste, extract resources, consume fossil fuels, and expand their ecological footprints (Kaplan et al., 2023). Overuse of ecosystem services, however, can also have negative consequences; for instance, it can lead to global warming, exacerbating the physical effects of climate change. The current issue with the ecosystem is that it lacks physical points of sale where one could say something like, “Sorry, we're out of stock.” We must decide how much of the ecosystem to deplete and when to expect a return (Gupta and Verma, 2023; Zhan et al., 2023). In this context, Pakistan possesses a plentiful supply of fossil fuels, raising questions about how the country's ecological wealth is reflected in exploiting these resources. According to the Energy Statistics, Pakistan used 61.59% fossil fuels to produce all the energy it consumed in 2014. According to a recent report by the IEA (2022), the transport sector in Pakistan accounts for 70% of the nation's carbon emissions, with the most widely used energy sources being petrol and oil (Raza and Lin, 2020). The transportation sector became the primary fuel-using Industry in 2018, with a 1.0373% increase in consumption, while the power generation and industrial sectors fell behind. Long- and short-term effects of Pakistan's ongoing energy resource depletion are detrimental to the country's environmental sustainability.

TCG play an essential role in tackling challenges posed by energy depletion. Developed countries and international organizations provide technical cooperation grants to developing countries to promote sustainable development and increase technological capabilities (Pandey et al., 2023). TCG can help reduce dependence on non-renewable energy sources and promote environmentally friendly practices by transferring knowledge, expertise, and advanced technologies (Engel-Cox and Chapman, 2023; Traoré and Asongu, 2023). Pakistan has provided technical assistance and training to scientists and engineers from other countries through the TCAP of the IAEA. In addition, Pakistan is a party to several international, bilateral, and multilateral agreements with the IAEA in nuclear power and safeguards (IAEA, 2023). In 2021, the PTCG (BoP, in current U.S. dollars) was valued at $23,102,000 (SBP, 2023). Moreover, IND is widely regarded as a tool for fostering economic growth and prosperity. On the contrary, rapid industrialization can also adversely affect the environment. The expected results of industrialization are the uncontrolled consumption of natural resources, excessive waste generation, and pollution (Usman and Balsalobre-Lorente, 2022; Huang et al., 2023). Using sustainable practices to balance industrialization with economic benefits is essential for a green and resilient economy.

The extant literature has examined several indicators of environmental degradation, including CO2 emissions (Raza and Lin, 2022), NO2 emissions (Martins da Silveira et al., 2023; Shen et al., 2023), SO2 emissions (Civan et al., 2015; Marć et al., 2016), methane (Guo et al., 2023; Ma et al., 2023), and overall greenhouse gases. However, it is not easy to access the data for SO2, NO2, and methane emissions, which account for a minimal percentage of GHG emissions. In contrast, the most studied proxy for environmental degradation is undoubtedly CO2 emissions. However, it contributes to 65% of greenhouse gas emissions, and the data is readily available (Lin and Ullah, 2024b). Environmental degradation may not be adequately measured by CO2 emissions only because they absorb airborne pollutants. This is especially true when ecological degradation occurs in soil, forests, and water resources (Ali et al., 2023a; Ullah et al., 2023). Some studies used ecological footprints as proxy measures of environmental degradation. These metrics cover the demand side of nature by using at least six indices, which include built-up land, cropland, grazing fields, fishing grounds, and carbon demand on land and forest (Aydin et al., 2019). In general, it indicates the magnitude of environmental pressures caused by human activities. This measure identifies how human consumption affects the environment and how naturally the planet regenerates (Bashir et al., 2023). Despite its superiority over CO2 emissions, the ecological footprint ignores nature's supply side (biocapacity). Thus, using an ecological footprint rather than a more comprehensive indicator may result in conflicting policy recommendations. The LCf is an essential tool for assessing inclusive ecological contamination. The LCF is calculated using the biocapacity/ecological footprint ratio. The LCF of an unsustainable environment is ≤ 1, whereas that of a sustainable environment is ≥1 (Siche et al., 2010).

Recently, LCF have received academic attention for their apparent applicability and contribution to the sustainability debate. Therefore, no study has examined the determinants of LCF in Pakistan. Against this background, the authors offer the following contributions to the literature: First, as far as the author knows, this study is the first that explored the dynamic nexus between END, TCG, IND, GDP, TO, and LCF. Second, the LCF variant yields more consistent and comprehensive results than the EFP variant. The comparison with EFP gives more insight into how various measurements reflect and portray environmental quality while acknowledging the varied character of sustainability. Thirdly, the most recent econometric techniques—like DARDL approaches—are applied to investigate the connections among END, TCG, IND, GDP, TO, and LCF. The results of the empirical analysis indicate that TCG help promote environmental sustainability in Pakistan. Fourth, we performed a machine learning technique, KLRS, for robustness. Therefore, with new variables and robust results, this analysis will likely add something new to the body of current knowledge. The study's final contribution shows how the factors under investigation—namely, END, TCG, and IND—affect environmental degradation. Policymakers are given recommendations based on these findings, which may help create Pakistan's ecological sustainability.

Five sections make up the study; the second part is a summary of earlier research. Data and methods are covered in the third part. Section four presents the results of the empirical research and their discussion. Section five offers conclusion and policies implication.



2 Theoretical setting and literature review


2.1 Theoretical settings

Energy depletion is the reduction in the supply of conventional energy sources, such as fossil fuels, due to depletion. As these resources become increasingly scarce, the extraction process tends to cause more damage to the environment. This leads to increased environmental degradation, including habitat destruction, water pollution and air pollution, which adversely affects sustainable development (Huang et al., 2024). Energy depletion can lead to higher energy costs and economic instability. Such economic pressures may undermine investment in sustainable practices and technologies. In addition, price increases resulting from END can make renewable energy more competitive, but this transition can be slow and uneven, thus affecting overall environmental sustainability efforts (Bota-Avram et al., 2024). Continued reliance on depleting fossil fuels will lead to increased greenhouse gas emissions and exacerbate climate change. As traditional energy sources diminish, more radical and less efficient extraction methods (e.g., deep sea drilling, tar sands) may be used, which will exacerbate pollution and climate impacts and directly challenge environmental sustainability (Sun and Yao, 2023). The threat of END tends to drive technological innovation and a shift to renewable energy sources. Investments in alternative energy technologies and improvements in energy efficiency are essential to mitigate the adverse effects of END. Such innovations can support environmentally sustainable development by reducing dependence on harmful energy sources and promoting cleaner energy solutions (Pang et al., 2024).

TCG are typically used to fund projects that increase the capacity of institutions and communities to implement sustainable practices. By providing specialized technical expertise and resources, these grants help local entities to adopt environmentally sound technologies and management practices, thereby contributing to the achievement of long-term sustainable development goals (Yang et al., 2024). Grants often support the transfer of innovative technologies and best practices from more developed to less developed regions. This may include advanced renewable energy technologies, efficient waste management systems or sustainable agricultural methods. By facilitating technology transfer, technical cooperation grants play a crucial role in the global diffusion of environmentally sustainable practices (Zhao, 2022). Technical cooperation grants can fund research and development (R&D) in environmental sustainability. This research may focus on finding new ways to mitigate environmental impacts, develop sustainable materials, or improve resource efficiency. The results of this research can lead to the development of new solutions that support sustainable development (Du et al., 2024). Grants are often used to support the development and implementation of environmental policies and regulations. By funding policy research, capacity-building and the establishment of regulatory frameworks, technical cooperation can help to establish and enforce standards that promote environmental protection and sustainability (Bega and Lin, 2024).

IND often leads to increased consumption of natural resources such as minerals, energy and water. However, industrialization also provides opportunities for the development and implementation of more efficient resource-use methods and technologies. Sustainable industrial practices aim to minimize resource use and waste generation and improve overall resource efficiency (Kaffo Fotio and Karim, 2024). IND usually stimulates economic growth, which can lead to increased environmental pressures as a result of higher levels of production and consumption. However, economic growth can also provide financial means and incentives to invest in environmental protection and sustainable development initiatives. Balancing economic development and environmental management is key to achieving sustainable development (Kyule and Wang, 2024). IND often leads to urbanization and infrastructure development, which can have environmental impacts through habitat loss and increased pollution. Sustainable industrialization aims to integrate green infrastructure, sustainable urban planning and eco-friendly building practices to reduce the negative environmental impacts of urban growth (Djeunankan et al., 2024). Further, Figure 1 illustrates how these indicators affect environmental sustainability through various channels.


[image: Figure 1]
FIGURE 1
 Theoretical framework of the study.




2.2 Literature review

The previous literature is divided into the following sub-sections under these headings.


2.2.1 Energy depletion and environment nexus

Energy security has become a significant concern for many countries due to the world's growing energy demand, highlighting the significance of supplying adequate energy to fulfill everyone's demands while maintaining environmental integrity (Khan and Sun, 2023). Ecosystem services have been overexploited, causing our natural environment to lose its ability to regenerate. A growing corpus of scholarly work for energy research examines the negative and positive relationships between the wealth of natural resources and environmental pollution. For instance, a recent study by Kuang et al. (2023) examined a panel of BRICS economies from 1990 to 2022 and discovered a negative correlation between natural resources and environmental degradation. Further, Kibria (2023) pointed out that natural resources fostered ecological quality in Bangladesh. In contrast, studying the case of China (Cai et al., 2023) explored the fact that natural resource extraction is causing the environment to deteriorate. Besides, Zhang and Chen (2023) also investigated that natural resources exhibit a non-positive impact on environmental sustainability in China. In addition, the study by Sun et al. (2022) for G-11 nations, the work of Ali et al. (2022) for ECOWAS economies, the study of Ullah and Lin (2024a) for Pakistan, and the study of Xu et al. (2022) for emerging G-7 economies concluded that natural resources are responsible for environmental contamination in these regions.

While assessing END as a primary indicator (Abbasi et al., 2021) examined the influence of END, green power, and fossil fuel on environmental deterioration in Thailand, between 1980 and 2018. Through DARDL analysis, they found that END and green power consumption enhance the quality of the environment, but fossil fuels energy and GDP exacerbate environmental pollution in the long run. Additionally, a new investigation by Hossain et al. (2023) concerning the USA spanning 1980–2019 presents concrete proof that END and GDP enhance ecological health by reducing CO2 emissions. Saqib et al. (2023) examined the influence of FDI, energy composition, green electricity, and GDP on EFP of 16 European nations. The application of CS-ARDL model yielded long-term estimations, indicating that GDP and energy structure enhance EFP, whilst the utilization of green electricity mitigates EFP. At the same time, a number of sources of evidence show that energy use increases ecological pollution (Bashir et al., 2023; Huang and Ren, 2024). Notwithstanding the persistent debate on END, overall, END substantially undermines environmental sustainability. We propose Hypothesis 1:

Hypothesis 1: END degrades environmental sustainability.



2.2.2 Technical cooperation grants and environmental degradation

As a form of international assistance, technical cooperation grants benefit developing countries by improving their technical capabilities and encouraging growth (Khan et al., 2021a). Providing financial services and expertise to developing countries through technical cooperation grants can significantly impact the environment (Asongu and Ezeaku, 2022). These grants contribute to implementing sustainable development projects such as renewable energy initiatives, waste management systems, and conservation efforts (Babenko et al., 2019; Lin and Ullah, 2023). By sharing technical knowledge and resources, these grants have helped countries improve their capacity to address environmental challenges, reduce pollution, conserve biodiversity, and promote sustainable practices (Sinha et al., 2020). Eventually, technical cooperation grants help to create a healthier and more sustainable environment for present and future generations (De Marchi, 2012). However, researchers have grown to realize that the potential trade-off between these grants and pollution is a genuine concern. The existing literature mostly investigates the effects of technological innovation on ecological quality and analyzes how such innovation might facilitate sustainable development by mitigating pollution. However, no research has investigated the impact of TCG on ecological sustainability (LCF), thus becoming the major contribution of the study. Technological innovation has significantly affected ecological quality in light of the fourth industrial revolution. The STIRPAT model, which evaluates environmental aspects, comprehensively explains how technology improves and destroys the environment (Dietz and Rosa, 1994).

Numerous studies have examined this dynamic, revealing both favorable results and persistent challenges. Studies indicate that technological innovation significantly influences environmental sustainability. These investigations employ numerous common metrics to assess the levels of Technological Innovation, encompassing patent development, effectiveness, and R&D activities (Bergougui, 2024). While the above stated studies collectively recognize the beneficial impact of technological innovation in mitigating greenhouse gases and improving environmental quality, there exists contradictory evidence indicating that it may result in increased pollution. Adebayo and Kirikkaleli (2021) performed a research on Japan, revealing that technological innovation might exacerbate greenhouse gases and lead to a deterioration in environmental health. Likewise, Islam et al. (2023) found that an adverse shock to technological innovation might boost CO2 emissions. Consequently, owing to the absence of agreement in prior studies, more study is essential to elucidate the influence of TCG on environmental sustainability. Based on the aforementioned evidence, the following hypothesis is put forward.

H2: TCG increase environmental sustainability in Pakistan.



2.2.3 Industrialization and environmental degradation

Industrialization refers to the growth of manufacturing activities related to other economic sectors. A country is on the path to industrialization if its industrial sector outpaces other sectors in production (Bano et al., 2022). IND refers to changing from an agricultural to a manufacturing economy that transforms raw materials into valuable products (Khan et al., 2021b). Since the Industrial Revolution, IND has enabled economic development and structural change. An endogenous growth model based on a two-sector framework emphasizes industrialization as an essential component of growth (Muhammad et al., 2023). According to existing research, IND has been acknowledged as a driver of economic growth. Thus, many nations, especially emerging ones, are concentrating on accelerating industrialization. Despite the increasing force for IND, upholding a sustainable environment is challenging.

Researchers have explored both positive and negative relationships between industrialization and environmental pollution. For example, a recent by Liao et al. (2023) explored that IND had an adverse impact on environmental quality in OECD nations from 1990 to 2019. Besides, Yang et al. (2021) identified that industrialization and health expenditures have accelerated ecological contamination in a panel of the top 10 countries in health expenditures. Wang et al. (2022) also pointed out a non-negative relationship between industrialization and ecological degradation in the case of G-7 countries. Moreover, the research work of many scholars, like Patel and Mehta (2023) for India, Sikder et al. (2022) for a panel of 23 developing countries, Ullah and Lin (2024b) for Pakistan, Aslam et al. (2021) for China, and Ullah and Lin (2024c) for Pakistan explored that industrialization leads to an upsurge in environmental degradation in these regions. IND fosters technological innovation, leading to enhanced production methods and reduced ecological damage. Ali et al. (2023b) suggested that ecological health in Saudi Arabia has dropped as a result of technological developments in industrialization. Research indicates that IND does not influence the expansion of the EFP. According to their experimental calculations (Opoku and Boachie, 2020) indicate that IND did not influence the EFP in 26 chosen African nations. In contrast, the empirical work of Opoku and Aluko (2021) demonstrated that IND has fostered environmental quality in 37 African countries from 2000 to 2016. These contradictory findings underscore the desire for more investigation in this domain. Thus, we proposed the following hypothesis.

H3: IND hinders the environmental sustainability.



2.2.4 Literature gap

The current literature mostly emphasizes the effects of END on environmental quality, using several methodologies, although many studies also investigate the influence of technological innovations. A notable vacuum exists in the research about the impact of technical cooperation grants on environmental sustainability, given their potential to foster transformative changes. Moreover, no research has comprehensively examined the cumulative effects of END, technological cooperation grants, and industrialization on the load capacity factor, a crucial metric of environmental sustainability in the context of Pakistan. This disparity is especially evident in the Pakistani context, where no study has synthesized these factors to provide a comprehensive knowledge necessary for successful environmental policy. This study seeks to address a significant gap by examining the interactive effects of END, technical cooperation grants, and industrialization on environmental sustainability in Pakistan, utilizing innovative dynamic ARDL methods, thereby providing practical recommendations for policymakers and enhancing the comprehension of these interconnected variables.





3 Data and methods


3.1 Data

The load capacity factor is determined by dividing biocapacity by ecological footprint and used as the dependent variable. In recent studies, some scholars have utilized the indicator load capacity factor as a proxy for environmental pollution (Dam and Sarkodie, 2023; Jahanger et al., 2023; Sun et al., 2023b; Wang et al., 2023a). The data for these variables were extracted from the GFN (2023) database. Other determinants included in this study are END, TCG, and IND as significant independent variables, while GDP and TO are employed as control variables. The END variable is expressed as Adjusted savings: END (current U.S. dollars), follows by Hossain et al. (2023), TCG are measured as grants, excluding technical cooperation (BoP, current U.S. $) as observed by Chen et al. (2023), IND is estimated as Industry (including construction), value added (constant 2015 US$) as used in the study of Jin and Huang (2023), Yang et al. (2021), and Liao et al. (2023). Finally, the study substitutes the GDP per capita variable—more significant in the environmental literature—for economic growth. GDP is taken as GDP (constant 2015 US$); the other control variable is TO, measured as % of GDP. The data set of all these variables is drawn from WDI (2022). We transform all these data sets into their logarithmic forms. Table 1 offers comprehensive details regarding the metric and source of the data.


TABLE 1 Details of variables.

[image: Table 1]

Additionally, Figure 2 displays the trend analysis of the variables over various time lags.


[image: Figure 2]
FIGURE 2
 Trend analysis for every variable under investigation in the case of Pakistan.




3.2 Methodology

Figure 3 displays the methodological framework for this investigation. The following nine steps illustrate a methodology that we used to examine the impact of TO, IND, GDP, END, and TCG on Pakistan's LCf:


[image: Figure 3]
FIGURE 3
 Framework for methodology.


In this study, the impacts of explanatory variables on the dependent variable are modeled using the following equation.

[image: image]

LCF denotes load capacity factor, END depicts energy depletion, TCG represents technical cooperation grants, IND indicates industrialization, GDP indicates economic growth, and TO represents trade openness. The variables END, IND, and GDP are anticipated to exhibit a negative sign and have the capacity to increase environmental contamination [image: image]. On the other hand, TCG and TO are expected to increase LCF significantly [image: image].


3.2.1 Dynamic ARDL method

Various lag lengths and difference factors complicate the structure of traditional ARDL models. The DARDL approach was created by Jordan and Philips (2018), which eliminates complexity by specifying a single lag length for every variable. DARDL also shows counterfactual variations in variables. The DARDL model simulations show how exogenous factors impose shocks on endogenous variables. Throughout the analysis, this technique depicts counterfactual responses to the explanatory factors, holding constant all other explanatory variables that may impact regress. The dependent variable's order of integration must be I(1), and the parameters must be cointegrated to apply the DARDL approach. As part of the DARDL approach, a limits test by Pesaran et al. (2001) is utilized to determine the cointegration connection after many stationarity checks are carried out to see if the dependent variable is I(1). When the F and t statistics are more significant than the crucial I(1) value, the bound test verifies cointegration (Kripfganz and Schneider, 2020). Critical values are paired with probability estimates derived from response surface regression in order to execute bound tests in DARDL. Upon confirmation of the cointegration relationship, the next stage in the DARDL process is to use Equation 2 to get the coefficients.

[image: image]

LCF is employed as an endogenous parameter, λ for intercept, δ represents the error correction term, γ1 to γ5 denote short-term coefficients, δ1 to δ5 show prolonged coefficients, and Ω is a residual term. The following test is used to determine the null hypothesis on the non-appearance of cointegration: H0: δ0 = γ1 = γ2 = γ3 = γ4 = γ5 = 0. The DARDL process ended with a graphic representation of counterfactual changes.



3.2.2. Kernel regularized least square (KRLS) method

Partial derivatives are utilized in KRLS estimation to display the marginal influence of each independent variable (Hainmueller et al., 2014). Compared with prevailing machine-learning techniques, the parameters of KRLS are flexible and interpretable. With various adjustments, this method also reduces variance and susceptibility (Ferwerda et al., 2017).

The KRLS approach to social science research has several advantages, including being nonlinear, utilizing radial-based functions to identify the most suitable surfaces, providing easy access to rate-of-change effects, avoiding robust parametric assumptions, and facilitating the interpretation of intricate relationships (Hainmueller et al., 2014). The partial derivative mathematical statement is displayed in Equation 3.

[image: image]

Where, [image: image] show how the predictor x variable and the regressand point derivation work. Scale-weighted predictors can be found byci, kernel bandwidth by σ2, and the total and single numbers of observations are represented by the symbols i and j. The KRLS approach examines marginal effects by separating independent and dependent variables. In Equation 4, the KRLS estimation is expressed as follows;

[image: image]

Here, ∀ and Ω1 to Ω5 show the KRLS-based mean marginal effects estimators. Based on closed-form estimation of point marginal derivatives, KRLS models calculate the rate of change effects of covariates for each data point (Ferwerda et al., 2017). We may see the average binary marginal effect using the KRLS approach by graphing increasing and decreasing returns. Furthermore, through pointwise marginal derivatives, this approach also allows for interaction between variables (Awan et al., 2022).





4 Results and discussion


4.1 Descriptive statistics

To ascertain the distribution of the variables, we computed the statistics for central tendency and variance for the variables chosen for the investigation. Preliminary statistics for the series are shown in Table 2. This table presents a complete picture of the dataset's nature. For all variables, a natural log transformation is applied to reduce heteroskedasticity. For LCF and EFP, the resultant mean of lagged values is negative, while it is positive for END, TCG, IND, GDP, and TO. Compared to the other variables, GDP exhibits the highest mean, while EFP has the lowest. There is less variation between the data points and fewer outliers because the standard deviations of all the chosen variables are low. Kurtosis analysis revealed that END and TO had heavy tails, while LCF, EFP, TCG, IND, and GDP's tails became lighter as their values fell short of the crucial milestone. All variables, except for LCF, which was right-skewed, were left-skewed, according to skewness analysis. This analysis reports Jarque-Bera test statistics for six variables: LCF, EFP, END, TCG, IND, GDP, and TO. There is a p-value greater than 0.05 for LCF, EFP, TCG, IND, and GDP, indicating they are typically distributed. However, END and TO are not generally distributed as their p-values surpass the 0.05 threshold value.


TABLE 2 Descriptive statistics.

[image: Table 2]

In addition, Figure 4 presents summary statistics for the variables using box plots. From 1970 to 2021, Pakistan's descriptive statistics are shown in Figure 4. The box and scatter plots represent 10%, 25%, 75%, and 90%, respectively, and the whisker tops represent 1/99%. The top (lowest) and bottom (minimum) values are each shown by a dot.


[image: Figure 4]
FIGURE 4
 Variable's box plot.


The correlation relationship between each variable is also shown in Figure 5. This figure provides detailed information about Pearson's correlation coefficient, histograms, and bivariate scatter plots. Figure 5's upper right triangle displays bivariate Pearson correlation coefficients between −1 and +1. Correlations close to +1 or −1 indicate one-to-one positive or negative relationships. According to Figure 5, there is evidence of a negative correlation between LCF, END, TCG, IND, GDP, and TO. Pearson correlation coefficient results indicate that all variables in the study are statistically significantly correlated. A scatter plot of two variables is shown in the lower left triangle of Figure 5. This part indicates the relationship's magnitude and direction. Thus, it can be noticed that LCF decreases if END, TCG, IND, and GDP increase, but for TO, this relationship is reversed. Finally, diagonal graphs in Figure 5 show the distribution features of various variables.


[image: Figure 5]
FIGURE 5
 Display of the correlation structure graphically. The asterisks represents the significance level.




4.2 Stationarity tests

In Step 3, we verified the variables' stationarity using the ADF (Dickey and Fuller, 1979), PP (Phillips and Perron, 1988), and DF-GLS (Vougas, 2007) tests. Table 3 provides the results. The t-statistics for all variables except EFP and TO were not statistically significant at the 5% level. Hence, all of these variables have a unit root and are non-stationary. In contrast, these parameters exhibit statistically significant t-statistics at the 5% level for the first difference.


TABLE 3 Unit root tests.

[image: Table 3]



4.3 Bounds tests

After completing stationarity tests, the long-term cointegration relationship was assessed by bound test using the K.S. critical value. The outcome is signified in Table 4.


TABLE 4 Bounds test.

[image: Table 4]

Considering that the p-value of the bound test is less than 0.05, it can be concluded that the null hypothesis that there is no cointegration between the variables can be rejected at a 1% significance level. Therefore, examining long-term relationships' characteristics in more detail seems appropriate.



4.4 Optimal lag selection criteria

The Schwarz Bayesian information criteria (SBC), Akaike (AIC), likelihood ratio (LR), log-likelihood (LL), Hannan-Quinn (HQ), and final prediction error (FPE) are used to determine the optimal lag lengths for ARDL and DYNADL. The results of these methods are summarized in Table 5. According to Table 5, “1” was determined as the optimal lag length. Various diagnostic tests reported in Table 6 confirm the reliability and stability of the coefficients obtained through the ARDL models.


TABLE 5 Selection criteria for lag length.

[image: Table 5]


TABLE 6 Diagnostic tests.

[image: Table 6]



4.5 ARDL and DARDL outcome

The outcomes of the ARDL and DARDL are offered in Table 7, and a graphic summary of the long- and short-term results is demonstrated in Figure 11. As we expected, the ARDL results show that END, IND, and GDP lead to environmental degradation by reducing the load capacity factor. Contrary to this, TCG is responsible for fostering environmental sustainability by increasing load capacity. The coefficient of determination obtained through ARDL is 90.60%, which means that END, TCG, IND, GDP, and TO can explain 90.60% of the variation in LCF. In the short run, for each percentage point increase in END, IND, and GDP, the LCF declines by 0.07, 0.08, and 0.45 percentage points, respectively. The long-term effects of these parameters are 0.17, 0.14, and 0.02, respectively—moreover, an upsurge of one percent in TCG results in an increase of 0.19 percent in LCF. The role of TO was found to be insignificant on LCF both in the short run and long run.


TABLE 7 ARDL and DARDL results.

[image: Table 7]

In addition, our findings report that END boosts the extent of environmental degradation in Pakistan by reducing LCF levels. The negative relationship between END and environmental degradation can be attributed to the following reasons: First, Pakistan relies significantly on fossil fuels, mainly coal and oil, to meet its energy demands. The extraction and burning of these fuels emit toxic pollutants such as carbon dioxide, sulfur dioxide, and nitrogen oxides, leading to air pollution and climate change (Hussain et al., 2020). Second, Pakistan's energy infrastructure is antiquated and inefficient, resulting in energy losses during transmission and distribution. This inefficiency requires more energy output to match demand, worsening resource depletion and environmental damage (Khan et al., 2023). END often results in deforestation as individuals turn to the use of wood and biomass for cooking and heating when other energy sources are not accessible or too costly. Deforestation is a major cause of soil erosion, biodiversity loss, and habitat destruction, which ultimately leads to environmental deterioration (Khan and Sun, 2023). Further, these conclusion are corroborates with the previous finding of Akram et al. (2024) and Lin and Ullah (2024a). Consequently, hypothesis 1 has been proved. However, these outcomes contrast those of Ullah et al. (2023) and Abbasi et al. (2021), who determined that END is fostering environmental sustainability.

Conversely, the study's conclusions show that TCG promotes environmental sustainability in Pakistan and has a strong, positive relationship with LCF. The findings are in line with (Hu et al., 2023; Jahanger et al., 2023). Therefore, hypothesis 2 is also corroborated. The positive relationship between TCG and LCF can be attributed to several reasons: First, the TCG provided much-needed financial support to improve energy infrastructure and enhance the capacity of the power sector. Such financial assistance facilitates investment in upgrading power plants, transmission lines, and distribution networks. As of 2021, the latest value of the Pakistan Technical Cooperation Grant (BoP, current US$) was $23,102,000. TCG includes free-standing grants to improve a country's overall capacity by transferring technical and managerial skills or technology and strengthening investment-related technical cooperation. Second, TCG usually involves moving technology from donor countries or international organizations to Pakistan. Technology transfer may include advanced equipment, systems, and practices that help optimize power infrastructure operation and maintenance. Recently, 14 research teams led by U.S. and Pakistani researchers received grants from their governments for cooperative scientific and technical research. Through the program, the two countries are funding S&T research for the seventh time. The joint study carried out through these grants has strengthened scientific and technical cooperation between the two countries, thereby supporting Pakistan's economic development in health, water, agriculture, and energy.

Moreover, the observed findings reveal that the long-term impact of IND on LCF is negative and significant. The results are in accordance with (Yang et al., 2021; Jin and Huang, 2023). Thus, hypothesis 3 is also proved. This result was anticipated, given that fossil fuels dominate the energy source used by developing countries' industrial sectors (Lin et al., 2022). As emerging economies transition from rural to industrialized countries, pollution-intensive industrial outputs continue to grow, contributing significantly to environmental degradation.

The ECT of the dynamic model varies from 0 to 1, indicating the speed of restoration of equilibrium. Therefore, ECT measures the rate at which the system reaches equilibrium if it is not positive and significant. The model designates a statistically substantial negative ECT. This implies that the long run deviation will equalize at a rate of 0.51. Moreover, there is a similarity in coefficients between the ARDL and DARDL models. Consequently, it indicates that changes in these parameters have effectively reduced LCF in Pakistan.

Once the short and long-run impacts of the determinants of the LCF have been predicted, we analyze the load capacity factor's response to a counterfactual variation in one parameter at a given point in time while holding all other parameters constant in Figures 6–8. Plots illustrate changes in LCF when one explanatory variable is shocked by ±10%. LCF is lower when END is increased by 10%, and environmental quality improves when END is lowered by 10%. The effects of negative and positive shocks to TCG and IND, respectively, by 10% are shown in Figures 7, 8. An LCF decreases by 10% when the TCG changes negatively, assuming all other factors remain unchanged.


[image: Figure 6]
FIGURE 6
 Counterfactual shocks impacts of END on LCF.
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FIGURE 7
 Counterfactual shocks impacts of TCG on LCF.
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FIGURE 8
 Counterfactual shocks impacts of IND on LCF.


Nonetheless, 10% positive shocks in TCG are good for the environment, assuming nothing changes. The dynamic ARDL diagram demonstrates that TCG is the only factor contributing to better LCF and environmental quality. On the other hand, a 10% negative shock to IND has a beneficial impact on environmental quality, as illustrated in Figure 8. Furthermore, a 10% upsurge in IND hinders environmental quality in Pakistan.



4.6 Result of KRLS

Pointwise derivatives are utilized to analyze the explanatory variables and LCF in KRLS. Table 8 presents the findings. KRLS demonstrates that TCG has a favorable impact on LCF while END, IND, and GDP have adverse effects, which is in line with the ARDL and DARDL methodologies. Similar to ARDL and DARDL, these effects have slightly different magnitudes. The P25, P50, and P75 quartiles examine the marginal pointwise impact. While the marginal effects of GDP, END, and IND decline, the marginal impact of TCG rises from the low to the high quartiles. Let's put it this way: The KRLS robustness check produces results comparable to ARDL and DARDL.


TABLE 8 Robustness analysis.

[image: Table 8]

The graphs in Figures 9, 10 show the pointwise marginal effects of END, TCG, and IND on LCF in Pakistan. Figure 8 exposes that the rate of change effect of END is positive at a −0.7 level of LCF, and END remains positive at a −0.2 level, decreasing LCF and hence environmental contamination. Contrary to this, TCG's rate of change effect converts non-negative at the rudimentary non-positive level of LCF. This effect upsurges LCF and environmental sustainability in Pakistan. Further, Figure 10 shows that IND also has a pointwise marginal effect on LCF. Whenever LCF ranges between −0.7 and −0.2, IND values are relatively high to low but remain positive.


[image: Figure 9]
FIGURE 9
 Pointwise marginal impact of END and TCG on LCF.
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FIGURE 10
 Pointwise marginal impact of IND on LCF.


For the robustness of the long-run results, we utilized ecological footprints as a dependent variable and again tested for the long-run relationships. All coefficients have similar magnitudes and directions, so the outcomes are consistent. Thus, these results can be used for policy and forecasting purposes. The robustness results obtained through ARDL and DARDL are reported in Table 9. Furthermore, the graphical representation of the results obtained is given in Figure 11 below.


TABLE 9 Sensitivity analysis with EFP.
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FIGURE 11
 Graphical representation of results.


Further, this study used the Fully Modified Ordinary Least Squares (FMOLS) method developed by Phillips and Hansen [107] to assess the robustness of the long-term estimates derived from the dynamic ARDL. This novel approach guarantees that the parameters stay consistent even with small sample sizes, in addition to calculating the long-term parameters using a semiparametric approach (Merlin and Chen, 2021). The FMOLS approach is especially beneficial because it accommodates the effects of long-term parameter heterogeneity while avoiding the complexities brought about by endogeneity, serial correlation, and omitted-variable bias (Liddle, 2012). The findings are given in Table 10. The long-run results are robust because all of the coefficients appear to have similar directions and magnitudes, according to the results. As such, using these results for forecasting and policy purposes is valid.


TABLE 10 Robustness with FMOLS.
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5 Conclusion and policy implications

The research utilized the DARDL method to test the impacts of END, TCG, industrialization, economic growth, and trade openness on the load capacity factor in Pakistan. The data from 1970 to 2021 were used for the analysis. The findings indicate a significant long-term relationship between END, TCG, IND, GDP, and LCF.

The authors of this work contributed the following: first, as an indicator of environmental sustainability, this study defines a new variable, the load capacity factor. Secondly, this study is the first to introduce a novel area of inquiry. In earlier research, variables like CO2 emissions, greenhouse gas emissions, and ecological footprint have been used to quantify environmental quality. While calculating environmental contamination, these indicators ignore the supply side of nature. To this end, for true environmental sustainability, the contribution of environmental resources should not be overlooked. To mitigate these glitches, recent studies such as Jin and Huang (2023), Dam and Sarkodie (2023), and Sun et al. (2023b) have utilized the LCF as an indicator of ecological sustainability. However, as nations' ecological deficits increase, the LCF value declines, making estimation more difficult. The LCF variable was thus created by the authors as a stand-in for environmental quality, considering both the supply and demand sides of nature. Third, the impact of counterfactual shocks in END, TCG, and IND on LCF is investigated using the DARDL simulation technique. Marginal effects were also considered in the robustness testing using the KRLS approach. Fourth, the authors make several policy recommendations based on the empirical results, impulses, and rate-of-change outcomes discovered using DARDL and KRLS.

Policy recommendations can be derived from these empirical results. First, data indicates that non-renewables primarily drive Pakistan's economy. As a result of the high consumption of petroleum products in the country, LNG imports, LPG imports, and petroleum imports are not only costly, but they also contribute to the diminution of energy resources and the dilapidation of the environment. Government incentives can stimulate investment in renewable energy projects like solar, wind, and hydropower. Subsidies, tax breaks, and feed-in tariffs for renewable energy can make these options more attractive to investors and consumers. Enforcing more stringent energy efficiency regulations for industrial, commercial, and residential structures may decrease energy use. Initiatives aimed at providing financial support for energy-efficient appliances and lights, coupled with educational campaigns promoting energy-saving behaviors, may have a substantial impact. Pakistan should prioritize installing power-saving devices, constructing small dams, implementing energy-efficient technologies, and educating the public about the importance of turning off lights. Investing in the modernization of the energy transmission and distribution infrastructure has the potential to decrease energy loss. Enhancing the functionality of power networks and enhancing the dependability of energy systems may also aid in the more efficient management of energy use. Second, to lessen Pakistan's reliance on fossil fuels, particular attention must be paid to technological advancements and other recommended policies. Direct technical cooperation funding is needed to establish and improve environmental monitoring systems. This includes monitoring air quality, water quality, and biodiversity evaluations to monitor changes in environmental health and identify areas of concern. The government should utilize technical cooperation funding to facilitate capacity-building seminars, training programs, and knowledge-sharing initiatives that specifically target environmental conservation and sustainable development approaches. This has the potential to provide local communities, government agencies, and key stakeholders with the essential skills and knowledge required to carry out efficient environmental management initiatives successfully. Must execute waste management initiatives financed by TCG to enhance trash collection, recycling, and disposal methodologies. This includes the allocation of resources toward the development of waste segregation facilities, composting infrastructure, and public awareness programs aimed at fostering trash reduction and recycling practices. The government should provide money from TCG specifically for ecosystem restoration projects, including reforestation, wetland conservation, and habitat restoration activities. Preserving and recovering natural habitats may amplify biodiversity, promote ecosystem services, and alleviate the consequences of environmental deterioration. Finally, the adverse environmental effects of industrialization emphasize the need for a knowledge-based or service-based economy. In addition, the nation must switch from fossil fuels to renewable energy. Investing more in green innovations and energy efficiency is crucial for advancing renewable energy.

Even though the study attempts to use a fully applicable empirical methodology, There are certain restrictions. (i) Because this study only looks at Pakistan, future empirical research could look at other Asian nations like India, Bangladesh, Turkey, Iran, and a panel of nations. (ii) Explanatory variables, including END, TCG, and IND, were employed in this investigation. Subsequent research endeavors may employ additional factors, specifically digitalization, green innovation, and renewable energy. (iii) Since yearly data was readily available, we used it for our study. As a result, significantly more frequent data can be used in future research, improving the prediction capacity of models. (iv) The primary model in this work is DARDL, and the robust method for analyzing how these factors affect LCF is KRLS. Using this method, models can simulate counterfactual shocks. Future studies may employ additional econometric techniques, including rolling-window causality, quantile-based Granger causality, and machine-learning algorithms. Examining the case of a new nation might expand the literature by applying various methods.
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