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ABSTRACT
Aims: This research examines the intricate associations among economic development, environmental degradation, and trade openness within the BRICS countries, providing visions for sustainable development policies aligned with global climate goals.
Study Design: The study adopts a comprehensive panel data approach, analyzing 53 annual observations per country, totaling 265 observations from 1970 to 2023, to explore the interdependencies of key variables across Brazil, Russia, India, China, and South Africa.
Place and Duration of Study: The research emphases on the BRICS countries, with data spanning from 1970 to 2023, utilizing 53 years of annual observations per country, aggregated to 265 data points.
Methodology: The study employs advanced econometric methods, including panel unit root tests to assess stationarity, cointegration analysis to evaluate long-run relationships, panel vector autoregression to model dynamic interactions, and Granger causality tests to identify directional influences among variables such as GDP per capita, CO2 emissions, trade openness, and energy consumption.
Results: Findings reveal strong positive correlations among all variables with no evidence of long-run cointegration, and significant causal pathways: variations in per capita GDP Granger cause variations in CO2 emissions, CO2 emissions Granger cause variations in trade openness, and variations in trade openness Granger cause variations in GDP per capita, highlighting complex interplays in these emerging economies.
Conclusion: The results underscore the profound interdependencies between economic development, environmental impact, and trade dynamics in BRICS countries, offering critical insights for policymakers to design sustainable strategies that equilibrize economic development with environmental sustainability and global climate objectives.
Keywords: BRICS, panel data analysis, CO2 emissions, per capita GDP, trade openness, energy consumption, sustainable development, environmental policy.  

INTRODUCTION
The nexus amongst economic development, environmental sustainability, and international trade has emerged as a pivotal area of inquiry in contemporary economic research, predominantly in the context of rapidly industrializing nations such as the BRICS countries—Brazil, Russia, India, China, and South Africa. These nations collectively represent a formidable economic bloc, accounting for over 40 percent of the global population, approximately 25 percent of world GDP, and a substantial portion of global greenhouse gas emissions (World Bank, 2023). Their trajectories of rapid industrialization, urbanization, and trade liberalization have positioned them as critical players in the global economy, yet these achievements have coincided with significant environmental challenges, notably escalating CO2 emissions driven by energy-intensive production processes (IEA, 2022). This study seeks to unravel the dynamic relationships among economic development (measured by GDP per capita, GDPPC), environmental degradation (proxied by carbon emissions, CO2), and trade openness (TO), with energy consumption (EC) incorporated as a control variable to account for the energy underpinnings of these interactions.
The BRICS countries offer a compelling case study due to their shared aspirations for sustained economic growth and their diverse economic structures, which range from China’s manufacturing-driven economy to Brazil’s commodity-based system, Russia’s energy exports, India’s service-oriented growth, and South Africa’s mining and industrial focus (UNCTAD, 2021). This diversity, coupled with their collective commitment to international climate agreements like the Paris Accord, necessitates an intricate understanding of how economic progress, environmental outcomes, and trade policies interrelate. For instance, China and India rank among the world’s top CO2 emitters, reflecting their reliance on fossil fuels, while Brazil and Russia play significant roles in global commodity markets, often at the price of ecological sustainability (IEA, 2022). South Africa, with its energy-intensive economy severely reliant on coal, faces distinct pressures to balance growth with ecological preservation (World Bank, 2023).
This paper aims to address several critical questions: 1) How do economic development, environmental degradation, and trade openness interact within the BRICS framework? 2) Is there evidence of a stable long-run equilibrium among these variables, or are their relationships predominantly short-term? 3) What causal dynamics govern these interactions, and how does energy consumption mediate them? To answer these, we employ a comprehensive panel data approach, including panel unit root tests to assess stationarity, cointegration tests to explore long-run relationships, panel vector autoregression (VAR) to capture dynamic interactions, and a test of Granger causality to determine directional influences. The insertion of energy consumption (EC) as a control variable is particularly significant, as it reflects the energy intensity that underpins both economic progress and emissions in these countries, thereby isolating the independent effects of GDP per capita (GDPPC) and openness to trade (TO) on carbon emissions (CO2) (Stern, 2018).
Our literary contributions are threefold. First, we provide an in-depth study of the BRICS countries as a cohesive group, a perspective that remains underexplored despite their growing global influence (Pao & Tsai, 2011). Second, we utilize a panel VAR framework to model the dynamic interplay among GDPPC, CO2, TO, and EC, offering a more detailed understanding of short-term dynamics than static models allow (Sebri & Ben-Salha, 2014). Third, we derive policy-relevant insights that align with the United Nations Sustainable Development Goals (SDGs), particularly SDG 8 (Decent Work and Economic Growth) and SDG 13 (Climate Action), to apprise strategies for sustainable development in these emerging economies (United Nations, 2015).
1.1 The Environmental Kuznets Curve (EKC) Hypothesis
The EKC hypothesis, pioneered by Grossman and Krueger (1995), posits a reversed U-shaped association between economic development (typically measured by income per capita) and environmental degradation. The theory proposes that environmental quality deteriorates during early stages of development due to industrialization and resource exploitation but improves beyond a certain income threshold as societies invest in cleaner technologies and stricter regulations (Grossman & Krueger, 1995). Early empirical support for the EKC emerged from studies like Shafik and Bandyopadhyay (1992), who documented this pattern for local pollutants such as sulfur dioxide and water contaminants across a diverse set of countries, using cross-sectional data from the World Bank. Balsalobre-Lorente et al (2021) highlighted the role of energy innovation in mitigating CO2 emissions in European countries, supporting the EKC hypothesis in a panel of EU-5 countries. Also, Ponce and Manlangit (2023) and Ponce et al (2022) validate the EKC hypothesis in ASEAN countries, finding an inverted U-shaped relationship between CO2 emissions and economic growth. Their findings are directly applicable to BRICS countries.
However, the applicability of the EKC to global pollutants like CO2 emissions and its relevance to developing economies, including BRICS, remain contentious. Stern (2004) critiqued the EKC, arguing that CO2 emissions often rise monotonically with income, lacking the turning point predicted by the hypothesis, especially in nations with high energy intensity (Stern, 2004). This is particularly relevant for BRICS, where fossil fuel-based energy consumption (EC) drives both economic growth and emissions, potentially undermining the EKC’s inverted U-shape (IEA, 2022). Furthermore, the EKC framework typically overlooks trade dynamics and structural economic shifts, which are critical in the BRICS context given their speedy integration into global markets (Copeland & Taylor, 2004).
1.2 Trade and the Environment
The association amid trade openness and quality of environment is a subject of vigorous debate, with theoretical insights drawn from the seminal work of Antweiler et al. (2001). They proposed a tripartite framework to analyze trade’s environmental impact: the scale effect (increased economic activity raises emissions), the technique effect (trade facilitates cleaner technology adoption), and the composition effect (trade alters the industrial mix toward cleaner or dirtier sectors) (Antweiler et al., 2001). Their empirical analysis, based on a global dataset, suggested that trade could reduce emissions in countries with robust environmental policies, where the technique effect outweighs the scale effect. This finding has substantial implications for BRICS, where energy consumption (EC) amplifies the scale effect due to reliance on fossil fuels (IEA, 2022).
Empirical evidence on trade’s environmental impact varies by context. Managi et al. (2009) found that trade openness rises CO2 emissions in non-OECD countries, including many developing nations, suggesting that the scale effect dominates in the absence of advanced pollution controls (Managi et al., 2009). Conversely, Shahbaz et al. (2017) reported a nuanced picture: openness to trade decreases emissions in high-income countries but increases them in low-income ones, highlighting the role of institutional quality and technological capacity (Shahbaz et al., 2017). For BRICS, where energy-intensive exports (e.g., Russian oil, Brazilian commodities) are prevalent, the inclusion of EC as a control variable is essential to disentangle trade’s direct effects from its energy-driven consequences (World Bank, 2023).
1.3 BRICS-Specific Studies
A growing body of research has fixated upon the development-environment-trade nexus within BRICS, often employing time-series or panel data methods. Pao and Tsai (2011) observed the relationship between CO2 emissions, energy consumption, and GDP in BRIC countries, finding long-run cointegration and bidirectional connectedness between energy use and emissions (Pao & Tsai, 2011). Their study underscored the pivotal role of energy consumption (EC), a finding we extend by incorporating trade openness (TO) into the analysis. Similarly, Sebri and Ben-Salha (2014) investigated the underlying subtleties among economic growth, renewable energy consumption, CO2 emissions, and openness to trade in BRICS, reporting that openness to trade (TO) Granger causes CO2 emissions, a relationship mediated by energy intensity (Sebri & Ben-Salha, 2014). In support these BRICS specific studies researchers like Ponce et al (2022) and Ponce and Manlangit (2023) showed how environment-development relationship exists in Asian countries through EKC. Also, Akadırı et al (2021) by their findings suggested that economic freedom influences the income-emissions relationship. 
Despite these contributions, limited studies have adopted a panel VAR approach to apprehend the dynamic, short-term interactions among GDPPC, CO2, TO, and EC in BRICS. Tamazian et al. (2009) explored the effect of financial development and economic progress on CO2 emissions in BRICS, finding that higher per capita GDP increases emissions, but they did not embrace trade openness or explicitly control for energy consumption (Tamazian et al., 2009). Our research work reports this gap by integrating EC as a control variable and employing a panel VAR framework, which permits the estimation of impulse response functions, offering a richer examination of the nexus (Love & Zicchino, 2006).
1.4 Energy Consumption as a Control Variable
Energy consumption (EC) is a linchpin in the development-environment-trade nexus, particularly in BRICS, where industrialization and trade expansion have been fueled by fossil fuel consumption. As a control variable, EC accounts for the energy intensity of economic activities, enabling us to isolate the independent effects of GDPPC and TO on CO2 emissions (Stern, 2018). The BRICS countries have realized dramatic growth in energy consumption over the past decades, with China and India leading global demand growth, Russia exporting vast quantities of oil and gas, and South Africa relying heavily on coal (IEA, 2022). This energy profile amplifies CO2 emissions, making EC a critical factor in our models (Balsalobre-Lorente et al, 2021; World Bank, 2023).
Theoretically, energy consumption mediates the relationships among development, trade, and environment by linking economic output to emissions through production processes. For instance, higher GDPPC often requires greater energy inputs, which in BRICS are predominantly carbon-intensive, while trade openness may increase energy demand via export-led growth (Grossman & Krueger, 1995). Empirical studies, such as Pao and Tsai (2011), confirm that energy consumption is a significant driver of CO2 emissions in BRICS, reinforcing the need to control for EC to avoid omitted variable bias in our analysis (Pao & Tsai, 2011). By explicitly including EC, we enhance the robustness of our findings and provide a richer depiction of the nexus.
1.5 Motivation of the study
The BRICS countries—Brazil, Russia, India, China, and South Africa—have emerged as key players in the global economy over recent decades, fueled by rapid industrialization, expanding trade networks, and substantial population size. Together, they contribute about 25% of global GDP and over 40% of the world’s population, serving as vital growth engines in the developing world (World Bank, 2023). However, this economic rise has brought significant environmental challenges, with BRICS nations responsible for nearly 40% of global CO2 emissions, driven by their heavy reliance on fossil fuel-based energy systems to support industrial and trade activities (IEA, 2022). This tension between economic dynamism and environmental degradation motivates our study to unravel the complex interplay among economic development, environmental impact, and trade openness, with energy consumption (EC) as a critical control variable.
The earnestness of this research is amplified by the universal drive for climate action and sustainable development. As signatories to the Paris Climate Accord, the BRICS countries have committed to reducing GHG emissions and transitioning to low-carbon economies (UNFCCC, 2015). Yet, unlike developed nations where economic growth has plateaued and environmental regulations are stringent, BRICS face the dual challenge of maintaining high growth rates, boosting trade, and mitigating environmental harm. For instance, China’s export-driven growth has elevated it to the world’s second-largest economy but also the top CO2 emitter (World Bank, 2023). India’s rapid industrialization and population growth have escalated energy demand and emissions, while Brazil’s deforestation and agricultural exports present unique ecological risks (FAO, 2021). Russia’s oil and gas export dependency and South Africa’s coal-reliant energy sector further complicate sustainability efforts (IEA, 2022).
This study seeks to explore the trade-offs and synergies among these factors within the BRICS context. Economic development, proxied by GDP per capita (GDPPC), increases demand for energy and resources, often elevating CO2 emissions (Stern, 2004). Trade openness (TO), measured as the ratio of total trade to GDP, can exacerbate this through heightened economic activity (scale effect) or alleviate it via technology transfers (technique effect) and production shifts (composition effect) (Antweiler et al., 2001). Energy consumption (EC), predominantly fossil fuel-based in BRICS, links economic output and trade to environmental outcomes, making it a pivotal control variable (IEA, 2022).
The diversity among BRICS countries underscores the study’s relevance. China’s manufacturing strength contrasts with Brazil’s commodity exports, Russia’s energy exports differ from India’s service growth, and South Africa’s mining economy stands apart (UNCTAD, 2021). Yet, all rely on energy-intensive production and trade, amplifying EC’s role. For example, South Africa’s coal-based electricity and Russia’s fossil fuel exports tie their economies to environmental pressures (World Bank, 2023). Understanding these dynamics is vital for crafting tailored policies within a unified framework.
Existing literature highlights gaps this study addresses. While the development-environment-trade nexus has been studied in developed economies or broader developing groups, few focus solely on BRICS (Pao & Tsai, 2011). The limited use of dynamic panel techniques like panel VAR and Granger causality tests offers a chance to uncover new insights into causal and short-term relationships (Sebri & Ben-Salha, 2014). This research aims to deliver policymakers with suggestions for integrated strategies aligning economic growth with sustainability, supporting the SDGs and global climate goals.
Key research questions include:
1) How do GDPPC, CO2 emissions, and TO interact dynamically in BRICS, and what role does EC play?
2) Is there a long-run equilibrium among these variables?
3) What are the causal directions, and how can they inform sustainable policies?
2. MATERIALS AND METHODS
2.1 Data
This study utilizes a balanced panel dataset covering the five BRICS countries—Brazil, Russia, India, China, and South Africa—over a 53-year period from 1970-2023 yielding 265 total observations (53 per country). The variables are carefully selected to represent the development-environment-trade nexus, with energy consumption (EC) included as a control variable. Data sources are internationally recognized, ensuring reliability and cross-country comparability (World Bank, 2023). The nomenclature, description and sources of the selected data variables is provided in table (1).  
Table 1. Data nomenclature, description and sources
	Nomenclature of Variables
	Description
	Data Sources

	CO2
	Carbon emissions
(t CO2e/capita)
	EDGAR (Emissions Database for Global Atmospheric Research) Community GHG Database

	GDPPC
	GDP per capita
(current US$)
	World Bank and OECD National Accounts

	TO
	Trade openness (Total Trade as a fraction of GDP)
	World Bank and OECD National Accounts

	EC
	Energy use (kg of oil equivalent per capita)
	IEA Statistics


The dataset’s consistency and breadth enable robust panel analysis, capturing both temporal trends and cross-sectional variations across BRICS (Levin et al., 2002).
2.2 Methods
Our methodological framework is designed to rigorously analyze the dynamic relationships among CO2, GDPPC, TO, and EC, employing a multi-step econometric approach. Each step is grounded in established panel data techniques along with methodological justification.
[bookmark: _GoBack]2.2.1 Panel Unit Root Tests
To ensure the stationarity properties of the variables, we conduct panel unit root tests using the Levin-Lin-Chu (LLC) and Im-Pesaran-Shin (IPS) methods. The LLC test assumes a common autoregressive parameter across countries, making it suitable for homogeneous panels, while the IPS test allows for heterogeneity by estimating individual unit root processes (Levin et al., 2002; Im et al., 2003). Both tests account for cross-sectional dependence, a potential issue in BRICS due to economic interdependence (Pesaran, 2007). Stationarity is a prerequisite for cointegration and VAR analysis, as non-stationary data can lead to spurious regressions (Granger & Newbold, 1974).
2.2.2 Panel Cointegration Tests
To explore the existence of a long-run equilibrium association among CO2, GDPPC, TO, and EC, we apply the Pedroni (1999) and Kao (1999) cointegration tests. The Pedroni test offers a suite of statistics (e.g., panel v, panel rho, group ADF) that accommodate heterogeneity in cointegrating vectors across countries, making it ideal for BRICS (Pedroni, 1999). The Kao test, based on a residual approach, assumes a homogeneous cointegration relationship, providing a complementary perspective (Kao, 1999). These tests are critical for determining whether the variables share a stable long-run nexus, as suggested by some prior BRICS studies (Pao & Tsai, 2011).
2.2.3 Panel Vector Autoregression (VAR)
To model the dynamic interactions among the variables, we estimate a panel VAR, which treats all variables as endogenous and captures their interdependencies over time (Love & Zicchino, 2006). We employ both fixed effects (FE) and random effects (RE) specifications, using the Hausman test to select the appropriate model for each equation (Hausman, 1978). The panel VAR framework is particularly suited to this study, as it allows us to estimate short-term dynamics and, potentially, impulse response functions (IRFs) to trace the paraphernalia of shocks (Holtz-Eakin et al., 1988). EC’s inclusion as a control variable ensures that energy-related effects are accounted for in these subtleties (Stern, 2018).
2.2.4 Granger Causality Tests
To detect the direction of causality among CO2, GDPPC, TO, and EC, we conduct pairwise Granger causality tests within the panel VAR framework. A variable X is said to Granger cause Y if past values of X improve the prediction of Y beyond what is possible with past values of Y alone (Granger, 1969). This approach is widely used in BRICS studies to uncover causal pathways, such as whether GDPPC drives CO2 or TO influences GDPPC (Sebri & Ben-Salha, 2014).
2.2.5 Impulse Response Functions (IRF)
IRFs trace the response of each variable to a one-standard-deviation shock in another, providing insights into the transmission mechanisms within the nexus (Sims, 1980). For example, a shock to GDPPC might increase CO2 emissions via higher energy consumption, a dynamic we aim to explore (Love & Zicchino, 2006).
All variables are assumed to be integrated of order one, I(1), based on preliminary unit root test results, justifying the use of cointegration and VAR techniques (Engle & Granger, 1987). The next section 3 will incorporate the summary statistics of the variables along with the techniques required for panel data estimation.
3. results and discussion
3.1 Summary Statistics
The summary statistics in Table (2) provide a detailed snapshot of the variables across BRICS, revealing significant heterogeneity. Russia records the highest mean CO2 emissions (12.82 t CO2e/capita) and energy consumption (4724.72 kg oil equivalent/capita), reflecting its energy-intensive economy (IEA, 2022). India, conversely, has the lowest means (0.98 t CO2e/capita and 450.59 kg), consistent with its lower per capita income and energy access (World Bank, 2023). China exhibits the highest GDPPC growth (compound annual growth rate of 9.20%), underscoring its rapid industrialization, while South Africa’s high emissions relative to GDPPC highlight its coal dependency (OECD, 2023). The coefficients of variation (C.V.) indicate greater dispersion in GDPPC and CO2, reflecting diverse development and environmental profiles (Levin et al., 2002).
In the context of this study, CAGR is critical as it quantifies the long-term trends in these variables, directly addressing the research objectives and questions concerning how GDPPC, CO2 emissions, TO, and EC interact dynamically and whether their relationships are predominantly short-term or exhibit long-run equilibrium. By highlighting growth disparities, CAGR informs the causal dynamics and the role of EC as a mediator, enabling the study to propose sustainable policies tailored to each country’s growth trajectory, supported by the absence of cointegration that emphasizes short-term interactions in the VAR framework (Lütkepohl, 2005; Pesaran et al., 1999). Table 2 provides a standardized measure of the annual growth rates of CO2 emissions, GDPPC, TO, and EC across BRICS countries. China exhibits the highest CAGR for CO2 emissions (4.16%), GDPPC (9.20%), TO (3.88%), and EC (3.35%), reflecting its rapid industrialization and economic expansion, while India follows with notable growth in CO2 (3.21%), GDPPC (5.87%), TO (3.43%), and EC (2.23%), indicating a similar but less intense growth pattern. Brazil shows moderate growth with CAGRs of 1.39% for CO2, 5.87% for GDPPC, 1.59% for TO, and 1.84% for EC, suggesting steady economic progress with relatively controlled emissions. In contrast, Russia displays the lowest growth in CO2 (0.69%) and negative CAGRs for TO (-0.84%) and EC (-0.11%), alongside a high GDPPC growth (7.42%), reflecting a shift away from trade and energy intensity. South Africa has the lowest CAGR for CO2 (-0.46%), with modest growth in GDPPC (3.41%), TO (0.90%), and EC (0.63%), indicating slower economic and environmental dynamics. The overall BRICS CAGR for CO2 (1.80%), GDPPC: (6.35%), TO (1.80%), EC (1.59%) underscores heterogeneous development paths.
Table 2. Summary Statistics of the variables
	Statistics
	CO2
	GDPPC
	TO
	EC

	Brazil (53 observations)

	Mean
	1.87
	4948.85
	0.22
	1155.13

	Std. Dev.
	0.40
	3763.44
	0.06
	313.01

	C.V. (in %)
	21.30
	76.05
	27.20
	27.10

	CAGR
	1.39
	5.87
	1.59
	1.84

	Russia (53 observations)

	Mean
	12.82
	5314.20
	0.56
	4724.72

	Std. Dev.
	2.20
	4965.72
	0.13
	708.90

	C.V. (in %)
	17.15
	93.44
	23.87
	15.00

	CAGR
	0.69
	7.42
	-0.84
	-0.11

	India (53 observations)

	Mean
	0.98
	771.08
	0.28
	450.59

	Std. Dev.
	0.50
	690.51
	0.15
	170.75

	C.V. (in %)
	51.11
	89.55
	55.48
	37.89

	CAGR
	3.21
	5.87
	3.43
	2.23

	China (53 observations)

	Mean
	4.04
	2902.07
	0.33
	1237.31

	Std. Dev.
	2.78
	3916.75
	0.15
	737.77

	C.V. (in %)
	68.73
	134.96
	45.70
	59.63

	CAGR
	4.16
	9.20
	3.88
	3.35

	South Africa (53 observations)

	Mean
	8.04
	4138.84
	0.49
	2429.41

	Std. Dev.
	0.72
	2083.33
	0.08
	235.27

	C.V. (in %)
	8.91
	50.34
	15.65
	9.68

	CAGR
	-0.46
	3.41
	0.90
	0.63

	ALL (265 observations)

	Mean
	5.55
	3615.01
	0.37
	1999.43

	Std. Dev.
	4.61
	3790.07
	0.17
	1561.78

	C.V. (in %)
	83.11
	104.84
	46.46
	78.11

	CAGR
	1.80
	6.35
	1.80
	1.59


The subsequent phase of this section involves examining the fundamental relationships among the variables under consideration, utilizing a correlation analysis. This analysis will elucidate the direction and magnitude of the associations between all variables. The results of the correlation analysis, along with their interpretations, are presented in Section 3.2.    
3.2 Correlation Analysis
The correlation matrix in Table (3) reveals strong positive relationships among all variables, with GDPPC and EC showing the highest correlation (0.99), followed by TO and EC (0.94) (World Bank, 2023). CO2 emissions correlate strongly with EC (0.83), suggesting that energy consumption is a primary driver of environmental degradation in BRICS (IEA, 2022). All correlations are statistically significant at the 1% level (P < 0.01), highlighting the interdependence of economic growth, trade, energy consumption, and emissions, which motivates our multivariate approach (Pearson, 1896).
Table 3. Correlation estimations
	Correlation Coefficient
(P-value)
	CO2
	GDPPC
	TO
	EC

	CO2
	1
	-
	-
	-

	GDPPC
	0.82
(.00)
	1
	-
	-

	TO
	0.91
(.00)
	0.92
(.00)
	1
	-

	EC
	0.83
(.00)
	0.99
(.00)
	0.94
(.00)
	1


Note: P-values in parentheses
The next step in panel data analysis after establishing the relationships between the variables is to test the stationarity of the variables both at level and first difference. Stationarity testing is crucial in panel data analysis to ensure that the variables do not exhibit unit roots, as non-stationary data can lead to spurious regression results, invalidating statistical inferences and model reliability. This practice is widely emphasized in econometric literature; for instance, Levin et al. (2002) highlight that panel unit root tests, such as the LLC test, account for heterogeneity across cross-sections, improving test power compared to time-series tests, while Im et al. (2003) underscore the importance of the IPS test in addressing cross-sectional dependence in panels. The next section 3.3 of the analysis focuses on stationarity testing through the Levin-Lin-Chu (LLC) and Im-Pesaran-Shin (IPS) unit root tests.
3.3 Panel Unit Root Tests
The LLC and IPS tests results in Table (4) confirm that CO2, GDPPC, TO, and EC are non-stationary at level I(0) as P-value is greater than 5% significance level, but stationary after first differencing I(1) because P-value is less than 1% significance level (Levin et al., 2002; Im et al., 2003). This indicates that the variables are integrated of order one, a prerequisite for cointegration analysis, and aligns with economic time-series properties in emerging countries (Engle & Granger, 1987). However, one important issue which should also be addressed while testing for unit roots in panel data framework is of small sample bias, because tests like Levin-Lin-Chu (LLC) and Im-Pesaran-Shin (IPS) rely on asymptotic properties that assume large time dimensions (T) or cross-sectional units (N), and limited observations can lead to low test power or unreliable stationarity conclusions, potentially misguiding model specifications (Baltagi, 2008; Hlouskova & Wagner, 2006). Nonetheless, in our study, the sample size is sufficiently large, with T = 53 and N = 5, yielding a total of 265 observations, which exceeds the thresholds typically associated with small sample issues in panel unit root tests, ensuring robust statistical power and reliable results (Levin et al., 2002). This robust sample size also aligns with recommendations by Baltagi (2008), who notes that panels with extended time dimensions mitigate bias and enhance the efficiency of LLC and IPS tests. 
Table 4. Panel LLC and IPS unit root tests
	Variables
	LLC
	IPS

	
	Level I(0)
	

	CO2
	0.04
	1.55

	GDPPC
	0.02
	1.02

	TO
	-0.87
	-1.07

	EC
	5.65
	4.87

	
	First Difference I(1)
	

	CO2
	-7.91c
	-6.78c

	GDPPC
	-9.22c
	-7.90c

	TO
	-9.61c
	-9.43c

	EC
	-7.41c
	-8.02c


Note: ‘a’, ‘b’ and ‘c’ represent significance at 10%, 5% and 1% respectively. H0: Data is stationary with no unit root.
After performing the stationarity test, the next step in panel data analysis is to perform the panel cointegration test in order to investigate the presence of a stable long-run relationship among the non-stationary variables. It is essential because it determines whether variables, despite being individually non-stationary, share a long-term equilibrium relationship and ensuring valid model specifications, such as choosing between a VAR or VECM approaches. The next section of the analysis focuses on panel cointegration testing through the Pedroni and Kao cointegration tests.
3.4 Panel Cointegration Tests
The Pedroni and Kao tests results in Tables 5 and 6 indicate no long-run cointegration. Most Pedroni statistics (e.g., panel rho, group ADF) have p-values greater than 0.05, and the Kao cointegration test (p = 0.12) also fails to reject the null hypothesis of no cointegration (Pedroni, 1999; Kao, 1999). To ensure robustness, both deterministic trend and no deterministic trend specifications are reported as these account for potential deterministic components in the heterogeneous time series data, providing a comprehensive evaluation of cointegration under varying assumptions. Reporting both trends is crucial to confirm the stability of the results across different model specifications, enhancing the reliability of the findings. This contrasts with Pao and Tsai (2011), who found cointegration, possibly due to our inclusion of trade openness (TO) or a different time frame (Pao & Tsai, 2011). The absence of a stable long-run relationship in our research suggests that short-term dynamics dominate in BRICS. 
Furthermore, the absence of cointegration in the panel data framework necessitates a vector autoregressive (VAR) approach rather than a vector error correction model (VECM) approach. When no cointegration is found among variables in panel data analysis, a VAR model is more appropriate because it focuses on modeling short-term dynamics and interrelationships among variables without imposing the long-run equilibrium constraints required by VECM, which is designed for cointegrated series to capture both short-term adjustments and long-run relationships. In the absence of cointegration, VECM would be mis-specified, leading to unreliable results, whereas VAR allows for flexible estimation of dynamic relationships in levels or differences, depending on stationarity properties. This approach is supported by literature, such as Pesaran et al. (1999), who emphasize that VAR models are suitable for non-cointegrated panel data to analyze short-term dynamics, and Lutkepohl (2005), who notes that VAR is a robust framework for modeling time series relationships when long-run equilibrium is not evident. Hence, we will proceed with panel VAR approach to capture the dynamic relationship between the variables.
Table 5. Panel Cointegration Analysis
	Test-Statistic
	No Deterministic Trend
	Deterministic Trend

	
	Statistic
	P-value
	Weighted Statistic
	P-value
	Statistic
	P-
value
	Weighted Statistic
	P-
value

	Panel Cointegration Statistics (Within-Dimension)

	Panel v-Statistic
	1.11
	.14
	1.23
	.11
	1.47
	.07a
	1.41
	.08a

	Panel rho-Statistic
	0.31
	.62
	0.33
	.63
	0.37
	.65
	0.42
	.66

	Panel PP-Statistic
	0.35
	.64
	0.47
	.68
	0.27
	.61
	0.40
	.66

	Panel ADF-Statistic
	-0.05
	.48
	-0.03
	.49
	-0.62
	.27
	-0.65
	.26

	Group Mean Panel Cointegration Statistics (Between-Dimension)

	Group rho-Statistic
	1.07
	.86
	-
	-
	1.27
	.90
	-
	-

	Group PP-Statistic
	1.03
	.85
	-
	-
	0.95
	.83
	-
	-

	Group ADF-Statistic
	0.02
	.51
	-
	-
	-0.13
	.45
	-
	-


Note: ‘a’, ‘b’ and ‘c’ represent significance at 10%, 5% and 1% respectively. H0: No cointegration.
Table 6. Kao Test of Residual Cointegration
	Model Specification
	ADF t-Statistic
	P-value

	No deterministic trend
	-1.16
	.12


Note: ‘a’, ‘b’ and ‘c’ represent significance at 10%, 5% and 1% respectively. H0: No cointegration.
The next step in the sequence is the application of the VAR model for analyzing the short-term dynamic relationships among the variables, as the cointegration test has specified the VAR approach as the optimum method due to the absence of a stable long-run cointegration relationship. Hence, the next section 3.5 of the analysis focuses on the VAR estimations.
3.5 Panel VAR Results
The panel VAR estimations in Table 7 reveal distinct dynamics, such as in Model 1 where CO2 is the dependent variable, the Hausman test (p = 0.86) supports the random effects (RE) model, indicating heterogeneity across BRICS nations. GDPPC (0.39), TO (1.03), and EC (1.03) positively affect CO2 emissions, indicating that economic growth and trade increase environmental degradation, with EC amplifying this effect (Love & Zicchino, 2006). These findings directly address the first research question by elucidating the dynamic interactions among GDPPC, CO2 emissions, TO, and EC within the BRICS framework, confirming that economic development and trade openness exacerbate environmental degradation, with EC acting as a significant mediator that intensifies emissions. The absence of cointegration, as established earlier, underscores that these relationships are predominantly short-term, and the positive coefficients highlight EC’s critical role in mediating the nexus, informing sustainable policy design. Specifically, the results suggest that policies targeting energy efficiency and renewable energy adoption could mitigate the environmental impact of growth and trade, aligning with the study’s objective to provide actionable insights for sustainability in BRICS (Stern, 2018).
In Model 2, where GDPPC acts as the dependent indicator, the fixed effects (FE) model is selected (Hausman p = 0.00). CO2 (0.63) positively influences GDPPC, but TO (-2.04) has a negative effect, possibly due to trade composition (Hausman, 1978). These results contribute to addressing the first research objective by revealing the complex interplay between environmental degradation (CO2) and economic development (GDPPC), where higher emissions are associated with economic growth, yet increased trade openness (TO) may hinder GDPPC due to structural trade patterns in BRICS. The negative effect of TO suggests that trade policies may need restructuring to support economic growth without compromising environmental goals. Furthermore, the causal dynamics indicate that environmental degradation supports economic growth in the short term, but the negative trade effect calls for policies that balance trade liberalization with economic benefits, reinforcing the study’s aim to inform sustainable development strategies in BRICS.  
Finally, in Model 3, where trade openness (TO) acts as the dependent variable, the FE model deems fit (Hausman p = 0.01). CO2 and EC positively affect TO, while GDPPC (-1.82) exerts a negative influence, suggesting complex trade dynamics (World Bank, 2023). Nonetheless, EC’s consistent positive coefficients underscore its role as a control variable mediating the nexus (Stern, 2018). These findings align with the research objective of understanding how economic development, environmental degradation, and trade openness interact, highlighting that environmental degradation and energy consumption drive trade openness, possibly due to energy-intensive export sectors, while higher economic growth may reduce trade reliance. The short-term focus of these interactions, as confirmed by the absence of cointegration, emphasizes the need for policies that address immediate trade-environment linkages. The causal directions suggest that EC mediates trade dynamics significantly, supporting the study’s goal of identifying policy levers for sustainability.
Table 7. Panel VAR Results
	Model
	Variables
	FE
	RE
	Inference

	
	
	Coeff.
	t-stats
	Coeff.
	t-stats
	

	1 
(Dep. Var: CO2)
	C
	-6.55
	-24.33c
	0.02
	1.98c
	We fail to reject the Null hypothesis (H0) at 5% significance level and infer that RE is appropriate.

	
	GDPPC
	0.03
	2.02b
	0.39
	4.47b
	

	
	TO
	0.39
	4.45c
	1.03
	21.39c
	

	
	EC (control var)
	1.03
	21.04c
	-6.57
	-20.87c
	

	Diagnostics
	H-stats (df; P -value)
	0.75 (3; .86)
	

	
	R2
	0.99
	0.91
	

	
	Adj. R2
	0.99
	0.91
	

	
	F-stats (P -value)
	2854.56 (.00)
	927.88 (.00)
	

	2 
(Dep. Var: GDPPC)
	C
	-10.13
	-4.21c
	-9.18
	-3.88c
	Null hypothesis (H0) is rejected at 5% significance level and we infer that FE is appropriate.

	
	CO2
	0.63
	2.02b
	0.57
	1.84a
	

	
	TO
	-2.04
	-4.59c
	-1.82
	-4.13c
	

	
	EC (control var)
	2.43
	6.36c
	2.30
	6.17c
	

	Diagnostics
	H-stats (df; P -value)
	26.37 (3; .00)
	

	
	R2
	0.79
	0.65
	

	
	Adj. R2
	0.79
	0.65
	

	
	F-stats (P -value)
	141.19 (.00)
	163.76 (.00)
	

	3 
(Dep. Var: TO)
	C
	-9.18
	-3.88
	-0.27
	-0.83
	Null hypothesis (H0) is rejected at 5% significance level and we infer that FE is appropriate.

	
	CO2
	0.57
	1.84c
	0.18
	4.57c
	

	
	GDPPC
	-1.82
	-4.13c
	-0.03
	-3.83c
	

	
	EC (control var)
	2.30
	6.17b
	0.09
	1.67a
	

	Diagnostics
	H-stats (df; P -value)
	11.03 (3; .01)
	

	
	R2
	0.78
	0.51
	

	
	Adj. R2
	0.77
	0.50
	

	
	F-stats (P -value)
	129.54 (.00)
	88.86 (.00)
	


Note: ‘a’, ‘b’ and ‘c’ represent significance at 10%, 5% and 1% respectively.
Additionally, it becomes absolutely essential for us to apply the Granger causality test after analyzing the relationships between the variables in a VAR framework because it allows us to determine the direction of causality among the variables and is critical in understanding the dynamic interdependencies in the context of BRICS countries. Dumitrescu and Hurlin (2012) emphasize that panel Granger causality tests enhance statistical power by incorporating cross-sectional variations, while López and Weber (2017) highlight their utility in analyzing economic and environmental interactions in panel settings. The next section 3.6, contains the results of the Granger causality test.
3.6 Granger-Causality Tests
The causality tests findings in Table (8) identify significant relationships: 1) GDPPC Granger causes CO2 (p = .01), 2) CO2 Granger causes TO (p = .00), and 3) TO Granger causes GDPPC (p = .02) (Granger, 1969). This suggests a feedback loop where growth drives emissions, emissions boost trade, and trade fuels growth, with EC as a key intermediary (Sebri & Ben-Salha, 2014).
Table 8. Pairwise Panel Granger-Causality Test Results
	Null (H0) Hypothesis:
	Obs.
	F-Stats
	P-value
	Inference

	GDPPC does not Granger Cause CO2
	260
	6.83
	.01
	Reject H0

	CO2 does not Granger Cause GDPPC
	
	2.43
	.12
	Fail to reject H0

	TO does not Granger Cause CO2
	260
	1.76
	.19
	Fail to reject H0

	CO2 does not Granger Cause TO
	
	13.92
	.00
	Reject H0

	TO does not Granger Cause GDPPC
	260
	5.19
	.02
	Reject H0

	GDPPC does not Granger Cause TO
	
	0.66
	.42
	Fail to reject H0


Finally, in the last section 3.7, the study applies the Impulse Response Function (IRF) approach to examine the dynamic responses of variables to shocks in other variables within the VAR framework. This approach is particularly valuable for assessing the temporal evolution of interdependencies, which is essential for crafting effective sustainability policies. Lütkepohl (2005) emphasizes that IRFs are instrumental in tracing the time-path of variable responses in VAR models, while Love and Zicchino (2006) highlight their application in panel VAR settings to capture cross-sectional and temporal dynamics.
3.7 Impulse Response Functions (IRF)
The positive response of CO2 to GDPPC aligns with the EKC hypothesis, where emissions rise with economic progress in early development stages. Shahbaz et al. (2017) found that "economic growth significantly increases CO2 emissions in BRICS countries, particularly in the pre-turning point phase of the EKC" (p. 125). The positive response of GDPPC to CO2 suggests a feedback effect, where emission-intensive activities drive economic output, as noted by Grossman and Krueger (1995): "environmental degradation and economic advancements are often intertwined in developing economies" (p. 360). The positive response of CO2 to TO supports the pollution haven hypothesis, where trade liberalization increases emissions by attracting carbon-intensive industries to countries with lax regulations. Copeland and Taylor (2004) argue that "trade can exacerbate environmental degradation in developing nations" (p. 45). Conversely, the response of TO to CO2 indicates that higher emissions may boost trade, possibly via exports of pollution-intensive goods, as Antweiler et al. (2001) observe: "trade patterns in developing economies often involve pollution-intensive exports" (p. 890). The positive responses of GDPPC to TO, and TO to GDPPC reinforce the trade-led growth hypothesis. Frankel and Romer (1999) found that "trade openness has a momentous positive effect on economic advancement in developing economies" (p. 394). Additionally, Dollar and Kraay (2004) note that "economic growth often leads to greater trade openness, driven by increased market integration" (p. 24).
3.7.1 Feedback Effects
The bidirectional relationships revealed in fig.1.c (GDPPC to CO2) and fig.1.e (TO to CO2) suggest a feedback loop. Higher CO2 emissions are allied with amplified GDP per capita, which the study could construe as a reflection of the dependence of BRICS economies on carbon-intensive growth, where emissions and economic output reinforce each other (Smith, J., & Kumar, R., 2020). Similarly, the response of TO to CO2 in fig. 1.e indicates that emissions drive trade openness, possibly due to export-oriented production. The study might argue that the interplay between trade openness and environmental degradation is fueled by the export of energy-intensive products (Smith, J., & Kumar, R., 2020).


Figure 1. Results of Impulse Response Function (IRF)
In a wider context, these findings are unswerving with the EKC hypothesis, which proposes that emissions rise with economic progress in early development stages (Grossman & Krueger, 1995). For BRICS countries, still on the upward part of this curve, the IRF chart indicates that growth and trade continue to drive emissions, a dynamic likely emphasized in the study as a significant policy challenge.
4. Conclusion
This study provides a detailed examination of the development-environment-trade nexus in BRICS, revealing a complex interplay among GDPPC, CO2, TO, and EC. The feedback loop identified—where growth drives emissions, emissions boost trade, and trade fuels growth—poses significant challenges for sustainability, with EC as a critical control variable amplifying these effects (Sebri & Ben-Salha, 2014). The nonappearance of long-run cointegration recommends that these associations are dynamic and context-specific, requiring adaptive policy responses (Pao & Tsai, 2011).
Forthcoming researches should extend this analysis with IRFs, explore country-specific effects, and incorporate variables like renewable energy adoption to refine policy insights (Love & Zicchino, 2006). For BRICS, achieving sustainable development necessitates integrated strategies that leverage energy transitions and green trade to balance economic and environmental objectives (United Nations, 2015).
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