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Abstract 

This thesis investigates the environmental Kuznets curve (EKC) and the link between carbon 

emissions, energy use and economic growth in the BRICS countries within 1980-2013. The reason 

for analysing a sample of energy-intensive developing countries (the BRICS) is that these nations 

are of major concern for the global environmental challenge. The results of panel cointegration 

relationship estimation do not support the EKC. The estimated elasticity of carbon dioxide 

emissions to energy use is 0.60%, while the elasticity of economic growth to energy consumption 

is 1.74%. Moreover, the causality tests indicate that energy use Granger-causes carbon emissions, 

while economic growth, in turn, Granger-causes energy use. This thesis adds to the existing 

literature and can have policy relevance for the BRICS countries. Based on the results of this study, 

the overall recommendation is to prioritize increase in energy efficiency through technological 

development and use of cleaner resources of production.   
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1. Introduction 

The global environmental challenge has been receiving a lot of attention and recognition 

recently, due to the dramatic climate changes and the attempts of humanity to keep the planet 

habitable for the years to come. In this framework, an important step forward was the 

development of the Paris agreement by the United Nations Framework Convention on 

Climate Change. The treaty entered into force on the 4th of November 2016 and has been 

ratified by 147 countries so far. The main purpose of this agreement is to reduce the global 

greenhouse emissions and to maintain the global annual temperature increase below 2°C by 

doing so (United Nations, 2015). 

Excessive emissions of carbon dioxide, one of the greenhouse gasses (GHG), contribute the 

most to the global greenhouse effect. Carbon dioxide causes radiation in the atmosphere, 

which creates a global warming effect. Due to the Industrial Revolution, the volume of 

carbon dioxide emissions has increased dramatically. Even though the United Nations is 

trying to recommend policy changes that will slow down global warming, some countries are 

not willing to ratify the Paris agreement due to economic and political reasons. Meanwhile, 

the level of carbon dioxide in the atmosphere keeps rising (see Figure 1).  

Figure 1. Global CO2 Levels over the Last Decade 

 

Source: Data obtained from https://climate.nasa.gov/vital-signs/carbon-dioxide/ 

The major regions of concern are developing countries, especially the industrial-based 

BRICS countries (Brazil, Russia, India, China and South Africa). While Brazil, India, China 

and South Africa have ratified the agreement and have already been taking action to 

becoming more sustainable, Russia is still holding back. Since the Russian economy is heavily 
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based on oil, steel and coal industries, which account for a significant share of air pollution 

in the region, it is against the interests of the prominent representatives of private business 

to support the ratification of the treaty. That being said, Russia is the world’s fifth largest 

contributor to the global greenhouse effect per capita (Olivier, Janssens-Maenhout, Muntean, 

& Peters, 2015). Hence, the ratification of the agreement by Russia is of high importance for 

dealing with the global environmental challenge.  

The importance of the BRICS for the environment is determined by the fact that these 

countries have a unique stage and pace of economic development that require industrial-

based production, which often relies on non-sustainable solutions. Brazil is in need of 

improvements in environmental services and more efficient implementation of 

environmental laws, while Russian production is heavily based on fossil fuels and India relies 

on nuclear energy and coal. China, despite being one of the largest air pollutants in the world 

(per capita), is making a significant effort to be more sustainable and to reduce emissions of 

carbon dioxide. South Africa is also taking steps to switch to more environmentally-friendly 

means of production and to reduce air pollution in the long run (Chang, 2015). Overall, the 

BRICS countries still have a long way to go to become “green” and require major 

environmental policy changes. Hence, understanding the determinants of carbon dioxide 

emissions as well as the relationship between carbon emissions, energy use and economic 

growth in the BRICS is crucial to develop appropriate environmental and economic policies. 

The relationship between economic growth and environmental pollution is the central focus 

of the environmental Kuznets curve (EKC) – a proposition within environmental economics 

that has been challenged by recent studies. The theory behind the inverted U-shaped curve 

is that when the country reaches a certain level of income, pollution intensity of its industries 

starts to decrease. According to the EKC, whether the BRICS countries have reached the 

“break-point” of economic development, might determine the direction of change in the 

volume of environmental pollution produced by these countries.  

Therefore, the purpose of this paper is to study the relationship between carbon emissions, 

economic growth, and energy use and to test the application of the environmental Kuznets 

curve in the BRICS countries. The objective is achieved by means of longitudinal analysis of 

carbon emissions, gross domestic products, energy use, foreign trade and urbanization in the 

BRICS within 1980-2013.  
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The results of cointegration relationship estimation do not support the applicability of the 

EKC in the BRICS. Additionally, the estimated elasticity of carbon dioxide emissions to 

energy use 0.60%, while the elasticity of economic growth to energy use is 1.74%. 

The Granger causality tests show no evidence of a causal relationship between economic 

growth and carbon emissions. However, energy use Granger-causes carbon emissions, while 

economic growth, in turn, Granger-causes energy use.  

Based on the results of this study, the overall policy recommendation is to prioritize increase 

in energy efficiency through technological development and use of cleaner resources of 

production.  

The remainder of this thesis is organized as follows. Section 2 provides a theoretical 

background for this study and an overview of previous research within the area of focus. 

Section 3 gives a detailed description of data and addresses the empirical approach, and 

Section 4 presents the results of the empirical analysis. Finally, Section 5 draws conclusions 

and addresses possible policy implications of the results.   
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2. Literature Review  

The literature on the relationship between carbon dioxide emissions, energy use, and 

economic growth is vast and for the purpose of this discussion can be divided into three 

groups: studies on the EKC, papers on the relationship between economic development and 

energy consumption, and research on the dynamic relationship between energy use, air 

pollution and economic growth. In this section, these three groups of research are considered 

separately. 

2.1. The environmental Kuznets curve 

The fundamental theory that this thesis tests is the environmental Kuznets curve or the 

‘growth-environmental pollution nexus’. The theory is named after Kuznets (1955) who 

proposes the inverted U-shaped relationship to explain income inequality. However, the 

environmental version of the Kuznets curve is first developed and studied by Grossman and 

Krueger (1995). The researchers find that there is a specific inverted U-shaped relationship 

between income and environmental pollution. At early stages of economic development, 

economic growth is associated with lower quality of the environment. However, after the 

“turning point” of economic growth (or the maximum of the curve) the environmental 

pollution starts to decrease with increasing income (see Figure 2). Grossman and Krueger 

use panel data from the Global Environment Monitoring System (a sample of 42 countries) 

and estimate that this “turning point” is equivalent to per capita real income of around $8000 

(in 1985 US dollars).  

Figure 2. Environmental Kuznets Curve 
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The inverse U-shaped relationship between economic growth and environmental pollution 

can be explained by many factors. Firstly, at later stages of economic development countries 

tend to apply cleaner and more efficient technologies. Secondly, countries that reach a certain 

level of development start to import pollution-intensive goods instead of producing them. 

However, in this case, as Grossman and Krueger (1995) argue, the volume of import is not 

enough to account for a dramatic increase in the quality of the environment with economic 

growth. Thirdly, the researchers point out that in the future, with a higher awareness and 

recognized importance of the global environmental challenge and with technological 

progress, even countries at earlier stages of economic development might become more 

thoughtful about the environment.  

The EKC has been highly criticized in recent empirical literature. For example, Stern (2004) 

estimates that sometimes developing countries may perform better in terms of sustainability 

and environmental responsibility than developed countries. The researcher argues that many 

studies on EKC are statistically weak, lack necessary diagnostics tests and have a questionable 

methodology that often is inappropriate given the features of data.  

Akbostancı, Türüt-Aşık and Tunç (2009) test the EKC in Turkey using co-integration 

analysis of a time-series dataset within 1968 – 2003 and estimate a long-run “monotonically 

increasing relationship between CO2 and income” (Akbostancı et al., 2009). The results 

suggest that the EKC does not apply to Turkey and support the ideas of Stern (2004), 

mentioned above. The researchers also perform a panel data analysis on province-level and 

estimate an N-shaped relationship between income and air pollution. According to the 

findings, provinces with income below $2000 using low-quality energy resources that 

produce more pollution. While provinces with income between $2000 and $6000 use 

“cleaner” energy resources that produce less pollution. The second increasing part of the N-

shaped curve (income above $6000) can be explained by the fact that provinces with high 

income are surrounded by large industrial production that causes heavier pollution.  

The amount of research on the application of the EKC in the BRICS countries is rather 

limited. Tamazian, Chousa and Vadlamannati (2009) study the application of the growth-

pollution nexus in the BRIC countries (excluding South Africa) to follow up on the criticism 

of the EKC hypothesis provided by Stern (2004). The researchers find that at higher levels 

of economic growth, CO2 emissions decrease with economic growth. The results confirm 

the existence of an inverted U-shaped relationship between economic growth and carbon 

dioxide emissions in the BRIC countries.  
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The application of EKC in the BRICS is also studied by Chakravarty and Mandal (2016), by 

means of Fixed Effects (FE) approach and Generalized Method of Moments (GMM). The 

researchers find that the EKC is significant for the BRICS, per results of the FE model. 

However, the GMM estimation results show a U-shaped relationship between economic 

growth and carbon dioxide emissions (in contrary to the inverse U-shaped relationship in the 

EKC hypothesis). Therefore, with increasing income, carbon emissions decrease up to a 

“turning point”, after which the income increase is associated with lower emissions of CO2.  

The EKC is also theoretically criticized by Arrow et al. (1995). The researchers argue that a 

major drawback of the EKC is the fact that income is an exogenous variable. In other words, 

Grossman and Krueger (1995) do not account for the effect of increased carbon emissions 

on income. Arrow et al. claim that pollution negatively influences the production and may 

slow down economic growth. Furthermore, Arrow et al. suggest that the EKC hypothesis 

can be explained by the effect of trade on industries that are polluting the environment. They 

refer to the well-known Heckscher-Ohlin international trade model (Jones, 1993) which 

states that under free trade, developing markets would export products, the production of 

which is intensive in relatively abundant and cheap factors of production. For developing 

countries, these are mainly natural resources and low-skilled human capital. Developed 

countries, on the other hand, would export products that are intensive in high-skilled human 

capital and manufactured capital. As a result, with the introduction of environmental policies 

in developed countries, the production in developing countries might become more 

pollution-intensive.  

2.2. Economic development and energy consumption 

The second group of research investigates the relationship between economic growth and 

energy consumption.  

One of the first studies on causal relationship between economic development and energy 

consumption is performed by Kraft and Kraft (1978). The researchers use data on the United 

States within 1947 – 1974 and find that causality runs from energy consumption to gross 

national product. Their study is the foundation for further research within this area. For 

example, a more recent study by Cheng and Lai (1997) investigates the relationship between 

energy consumption and economic growth on the case of Taiwan within 1955-1993 through 

a modified version of Granger causality test. The researchers find a unidirectional causality 

– economic growth Granger-causes increase in energy use. Furthermore, Masih and Masih 

(1997) find a long-run relationship between energy consumption, economic growth and 
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prices in Korea and Taiwan and a unidirectional Granger causality that runs from prices to 

energy use and then to economic growth. 

Stern (2000) estimates that there is a long-run relationship between energy consumption and 

economic development in the United States, which goes in line with his previous research 

that applies Granger causality to investigate the relationship between the two parameters 

(Stern, 1993). In his earlier research, Stern also outlines that the most suitable methodology 

for studying this relationship is multivariate analysis. 

Paul and Bhattacharya (2004) test the relationship between energy use and economic growth 

in India within 1950 – 1996. The researchers find a bidirectional causality between economic 

development and energy use by application of the standard version of Granger causality test.  

In a more recent paper, Wolde-Rufael (2014) hold a panel analysis of 15 developing countries 

in 1975 – 2010, by means of a bootstrap panel causality method, which controls for cross-

sectional dependence and heterogeneity within countries. In Belarus and Bulgaria electricity 

consumption is found to cause economic growth, in the Czech Republic, Latvia, Lithuania 

and Russia – economic growth is found to cause electricity consumption. Interestingly, only 

Ukraine is estimated to have a bidirectional causality between the two parameters. The rest 

of the countries1 do not show any causal relationship.  

Chang et al. (2017) perform an empirical panel analysis of the relationship between energy 

use (coal) and economic growth in the BRICS countries in 1985-2009. The researchers do 

not find any causality between energy consumption and economic growth in the pooled data. 

However, a unidirectional causality is found to run from energy use to economic growth in 

China, and from economic growth to energy use in South Africa. Moreover, a bidirectional 

causality between the two variables is estimated in India.  

Another paper studies the effect of renewable energy consumption (biomass energy) on 

economic growth in the BRICS and finds that biomass energy consumption positively affects 

economic growth. Moreover, the researchers estimate that trade openness Granger-causes 

economic growth and energy use (Shahbaz, Rasool, Ahmed, & Mahalik, 2016). 

Zhang, Qin and Zhang (2012) compare OECD countries to the BRIC (excluding South 

Africa) from 1986 to 2009 and find no evidence of a long-run relationship between energy 

use and economic growth in neither of the country groups. However, the study results show 

                                                             
1 Albania, Macedonia, Moldova, Poland, Romania, Serbia, Slovak Republic and Slovenia 
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a unidirectional causality running from energy use to economic growth in the BRIC, and a 

unidirectional causality running from economic growth to energy use in OECD.  

2.3. Dynamic relationship of economic growth, environmental pollution and 

energy use 

The third group of papers studies the dynamic relationship between economic development, 

energy consumption and environmental pollution.  

One of the most influential studies within this groups of research was performed by Ang 

(2007) who uses panel data on France within 1960 – 2000 and applies a cointegration method 

and error correction model to test the dynamic causality between economic development, 

energy consumption and pollution. The researcher finds a long-run relationship between the 

three variables. Furthermore, a short-run unidirectional causal relationship is found from 

energy use to economic growth. Ang also studies the dynamic relationship in China with the 

application of dynamic ordinary least squares technique (2009). The results of his study 

indicate a positive effect of energy use and trade openness on carbon dioxide emissions. In 

particular, the estimated elasticity of CO2 emissions with respect to energy use is in the range 

of 1.101-1.175%, while the elasticity of CO2 emissions to trade openness is in the range of 

0.144-0.160%. 

Another valuable paper within this group of research is the study on the United States by 

Soytas, Sari and Ewing (2007). The researchers employ a Granger causality test and find that 

energy consumption Granger-causes carbon emissions, however, income does not. This 

result suggests that economic growth may not be the main solution to the current global 

environmental challenge.  

The dynamic relationship between economic development, energy consumption and 

pollution is also studied by Halicioglu (2009). Halicioglu investigates the relationship in 

Turkey within 1960 – 2005, applying bounds testing to the cointegration methodology. The 

researcher finds a long-run effect of energy use, income and foreign trade on carbon dioxide 

emissions as well as a long-run effect of carbon emissions, energy use and foreign trade on 

income. Overall, the estimated results suggest that environmental pollution should be 

reflected in the macroeconomic policy of Turkey to strive for lower carbon emissions.  

A study on the BRICS investigates the causal relationship between electricity consumption, 

economic growth and carbon emissions by application of panel causality analysis that 

controls for cross-sectional dependence across countries (Cowan, Chang, Inglesi-Lotz, & 
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Gupta, 2014). The researchers estimate that the EKC hypothesis is supported only in Russia. 

Moreover, a unidirectional causality running from GDP to CO2 emissions is found in South 

Africa, and from CO2 to GDP in Brazil. Additionally, Cowan et al. also find a unidirectional 

causality running from electricity consumption to carbon emissions in India, but no causality 

between these parameters in the rest of the countries.  

Sebri and Salha (2014) study the causal relationship between economic growth, consumption 

of renewable energy, CO2 emissions and trade openness in the BRICS within 1971 – 2010 

and find a cointegration relationship between the variables using both dynamic ordinary least 

squares technique and fully modified dynamic ordinary least squares. The researchers also 

apply the Granger causality test and estimate a bidirectional causality between renewable 

energy consumption and economic growth. The researchers highlight the importance of 

renewable energy for environmental policy and stimulation of economic growth in the 

BRICS.   
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3. Empirical Framework 

3.1. Data and model specification 

In this paper, an empirical model from recent studies of Soytas, Sari and Ewing (2007), Ang 

(2007), and Jalil and Mahmud (2009) is applied, to test the dynamic relationship between 

carbon dioxide emissions, energy use, and economic growth.  

A log-log model is specified to test the relationship between carbon dioxide emissions, energy 

consumption and the level of economic development and to study the applicability of the 

EKC in the BRICS (see Equation 1). The choice of the functional form is based on the non-

linearity of the data. Additionally, urbanization and foreign trade parameters are included in 

the model as control variables.  

𝐶𝑂2𝑖𝑡
= 𝑎0 + 𝑎1𝑖𝐸𝑖𝑡 + 𝑎2𝑖𝑌𝑖𝑡 + 𝑎3𝑖𝑌𝑖𝑡

2 +  𝑎4𝑖𝑇𝑅𝑖𝑡 + 𝛼5𝑖𝑈𝑖𝑡
2  + 휀𝑖𝑡                                             (1)                    

Yearly data are collected for Brazil, Russia, India, China and South Africa within 1980-2013.  

Table 1. Description of Parameters 

Parameter Description Source 

CO2 
Carbon dioxide intensity, kg per kg of oil equivalent energy 
use 

The World Bank (WDI2) 

Y GDP per capita, constant US$ 
The World Bank (WDI) 

Y2 GDP per capita, constant US$ (squared) 
The World Bank (WDI) 

E Energy use, kg of oil per capita 
The World Bank (WDI) 

TR Foreign trade, percent of GDP  
The World Bank (WDI) 

U2 Urban population, percent of total population (squared) 
The World Bank (WDI) 

2 World Development Indicators 

Since the variables are in natural logarithms, the resulting regression coefficients could be 

referred to as elasticities. It is expected to estimate a positive relationship between energy 

consumption and carbon emissions, which would be reflected in a positive sign of 𝛼1 (see 

Equation 1). According to the logic of the EKC, the sign of 𝛼2 should also be positive. 

Furthermore, the sign of 𝛼3 varies according to the country’s level of economic 

development. Developing countries tend to have dirty industries with heavy share of 

pollutants, therefore, the sign of 𝛼3 for these countries should be positive. Developed 

countries produce less pollution-intensive goods and import them from countries with less 

restrictive environmental protection laws, so the sign of 𝛼3 should be negative. (Grossman 
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and Krueger, 1995; Halicioglu, 2009). Since the BRICS comprises developing countries, the 

sign of 𝛼3 is expected to be positive. 

According to Ang (2009), a larger volume of foreign trade might increase the competition 

and result in less energy-efficient companies to exit the market. The researcher claims that 

the overall effect of trade on carbon emissions is realized through three channels: “scale (size 

of the economy), technique (production methods) and composition (specialization) effects” 

(Ang, 2009, p. 2659). The scale effect can cause further pollution, while the production 

methods effect can improve the energy efficiency of firms and can have a positive impact on 

air pollution. The specialization effect depends on the industry that the country has a 

comparative advantage in. Hence, the “pure” net effect of trade depends on volumes of each 

channel, and the sign of 𝛼4 is to be empirically estimated in the BRICS. 

Previous work also identifies an inverse U-shaped relationship between urbanization and 

carbon emissions for OECD countries (Wang, Zhang, Kubota, Zhu, & Lu, 2015). However, 

this relationship is also proven to be insignificant in China (Wang et al., 2017). The effect of 

urbanization on carbon dioxide emissions in the BRICS is tested in this paper. Including this 

variable in the analysis could also help reduce omitted variable bias.   

Table 2. Descriptive Statistics (logarithmic) 

 CO2 E Y Y2 TR U2 

Obs. 170 170 170 170 170 170 

Mean 0.3923 3.1411 3.5243 12.6554 1.5318 2.8847     

St. Dev. 0.1269 0.3846 0.4859 3.2549 0.2229 0.6444    

Min 0.1441 2.4587 2.5414 6.4589 1.0795 1.6560    

Max 0.5743 3.7730 4.0718 16.5795 2.0437 3.7260 

Table 3. Correlation Table  

 CO2 Y Y2 E TR U2 

CO2 1.0000      

E 0.4322***   0.7818***    0.7762***    1.0000   

Y -0.0067    1.0000     

Y2 -0.0317    0.9990***    1.0000    

TR 0.7293***    0.4355***    0.4102***    0.7281***    1.0000  

U2 -0.1982***    0.9615***    0.9654***   0.7280***    0.3112***    1.0000 

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 
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The descriptive statistics and the correlation table are presented in Table 2 and Table 3, 

respectively. According to Table 3, there is statistically significant positive correlation 

between carbon emissions and energy use, carbon emissions and trade volume, and negative 

significant correlation between CO2 emissions and urbanization. Moreover, the correlation 

table indicates a statistically significant positive correlation between some explanatory 

variables, which can cause multicollinearity. However, GDP per capita squared is the power 

of GDP per capita, therefore, high correlation between these variables can be ignored. 

Furthermore, there is high positive correlation between urbanization and GDP per capita. 

To address this potential multicollinearity problem, the estimation results are checked for 

robustness. Moreover, trade volume and urbanization are control variables, so 

multicollinearity between them can to a great extent be disregarded (Allison, 2012; Voss, 

2005). 

3.2. Methodology 

3.2.1. Cross-sectional dependence test 

One of the most common issues in panel country-level data is the interdependence of 

individual units (countries). This problem is known as cross-sectional dependence (CSD). 

Failure to recognize and account for CSD results in loss of efficiency and misleading test 

statistics.  

A commonly used cross-section dependence test is the Breusch-Pagan Lagrange Multiplier 

(LM) test (Breusch & Pagan, 1980). This test is applicable when the number of cross-sections 

is small, while the number of time periods is sufficiently large (which is exactly the case for 

the dataset employed in this paper). However, the Breusch-Pagan test is based on the 

seemingly unrelated regression equation (SURE) methodology, which means that it requires 

a previously identified model specification.  

Pesaran (2004) proposes an alternative CSD test that does not require a predetermined model 

and can be applied to a variety of model specifications. The test statistic for the Pesaran CD 

test has the following properties under the null hypothesis of no cross-sectional dependence:   

𝐶𝐷 =  √
2𝑇

𝑁 (𝑁−1)
 (∑ ∑ �̂�𝑖𝑗

𝑁
𝑗=𝑖+1 )𝑁−1

𝑖=1  ⟹  𝑁(0,1)                                                                  (2) 

(Pesaran, 2004, p. 9)  

Furthermore, the Pesaran CD test is robust to structural breaks (unpredicted shifts in the 

dataset) (Pesaran, 2004). Energy use and environmental degradation time series in emerging 
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economies, such as the BRICS, are likely to be affected by structural breaks (Tamazian & 

Bhaskara Rao, 2010). Therefore, the Pesaran CD test would be more appropriate to 

determine the presence of cross-sectional dependence.  

It is expected that data suffer from cross-sectional dependence, since the BRICS are likely to 

have unobserved common factors or spillover effects due to common stage of economic 

development, similar economic indicators and other common features (O'Neill, Wilson, & 

Stupnytska, 2005).   

3.2.2. Panel unit root test 

Another essential step in this study is testing data for stationarity (constant statistical 

properties over time). At the moment the most widely used panel unit root tests in economic 

research are first generation tests (Im, Pesaran, & Shin, 2003; Levin, Lin, & James Chu, 2002) 

and second generation tests (Pesaran, 2007). The first generation tests have a strong 

assumption of no cross-sectional dependence in the data. Since it is expected for the applied 

dataset to suffer from cross-sectional dependence, second generation tests would be more 

appropriate for this analysis.  

This thesis employs the CIPS panel unit root test proposed by Pesaran (2007). The researcher 

introduces a panel unit root test that is based on Augmented Dickey-Fuller (ADF) 

regressions that take into consideration CSD. The test-statistics (Cross-sectionally 

Augmented Dickey-Fuller or CADF) are then used to calculate the modified version of the 

first generation IPS test (Im et al., 2003), hence the name ‘cross-sectionally augmented IPS’ 

(CIPS) test.  

The CIPS test is built on the following model:  

∆𝑦𝑖𝑡 =  𝛼𝑖 +  𝑏𝑖𝑦𝑖,𝑡−1 +  𝑐𝑖�̂�𝑡−1 +  𝑑𝑖∆�̂�𝑡 + 𝑒𝑖𝑡                                                                                   (3) 

(Pesaran, 2007, p. 269) 

Then the CIPS test-statistic is calculated as follows:  

𝐶𝐼𝑃𝑆 (𝑁, 𝑇) =  𝑡 − 𝑏𝑎𝑟 =  𝑁−1 ∑ 𝑡𝑖(𝑁, 𝑇)𝑁
𝑖=1                                                                         (4) 

(Pesaran, 2007, p. 276) 

In Equation 4, 𝑡𝑖(𝑁, 𝑇) is the cross-sectional Dickey-Fuller statistic for the each 𝑖-th cross-

section, derived from Equation 3.    

The null hypothesis assumes that all series are non-stationary, while the alternative hypothesis 

states that some of the series are stationary. Note that the formulation of the null and 
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alternative hypotheses is one of the major drawbacks of panel unit root tests. While the null 

hypothesis assumes all series to have a unit root, it can be rejected even if only one series is 

stationary (Asteriou, 2015). Therefore, the Hadri (2000) panel unit root test with an 

alternative null hypothesis is also be performed (on demeaned data) to check the results for 

robustness.  

It is common that variables in economics are non-stationary and become stationary at first 

difference (integrated of order one). If that is the case, there is a possibility that the variables 

are cointegrated. Therefore, the next step of the analysis is to test data for cointegration.  

3.2.3. Panel cointegration test 

Before proceeding with panel cointegration test, the cross-sectional dependence issue should 

be addressed. It is expected that the Pesaran CD test detects cross-sectional dependence in 

the data. A common way of dealing with CSD is transforming the observations in deviations 

from time averages (in this case yearly averages) or data demeaning (V. Sarafidis & Wansbeek, 

2012; Vasilis Sarafidis, Yamagata, & Robertson, 2009). So, in next steps of the analysis, the 

demeaned dataset is applied instead of the original one.  

Cointegration tests check for the presence of a long-run relationship between variables. 

Among the most common types of panel cointegration tests are: 

• Residual-based tests (Kao, 1999; Pedroni, 1999, 2004) 

• Combined individual tests (Maddala & Wu, 1999)  

In this paper, the Pedroni cointegration test (1999, 2004) is be performed. Pedroni’s 

approach is robust in the framework of heterogeneous error terms in cross-sections and 

several regressors (Asteriou, 2015). Therefore, this test is more appropriate in the context of 

this paper.  

Pedroni’s methodology is based on the following model:  

𝑦𝑖,𝑡 = 𝛼𝑖 + 𝜌𝑖𝑡 + 𝛽1𝑖𝑥1𝑖,𝑡 + 𝛽2𝑖𝑥2𝑖,𝑡 … + 𝛽𝑀𝑖𝑥𝑀𝑖,𝑡 + 휀𝑖,𝑡,                                                                       (5)                                                   

(Pedroni, 1999, p. 599) 

where 𝑚 = 1 … 𝑀 is the number of regressors;  𝜌𝑖 and 𝛼𝑖 are the deterministic components. 

The test is performed in four steps. Firstly, Equation 5 is estimated and 휀�̂�,𝑡 is stored. 

Secondly, the original data are differenced for each country and then the residuals are 

computed from the differenced regression:  
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∆𝑦𝑖,𝑡 = σ1𝑖∆𝑥1𝑖,𝑡 + σ2𝑖∆𝑥2𝑖,𝑡 + ⋯ + σ𝑀𝑖∆𝑥M𝑖,𝑡 + 𝜂𝑖𝑡                                                               (6) 

Next the long-run variance of �̂�𝑖𝑡 , �̂�𝑖𝑡
2  is calculated, using Newey-West kernel estimator. 

Finally, the autoregressive model is estimated using the error term from the original 

equation, 휀𝑖,𝑡.  

Then, the test-statistics (seven statistics) and critical values are calculated to decide on the 

null hypothesis of no cointegration between variables. The test statistics are split into two 

groups: within dimensions and between dimensions. The alternative hypothesis states that 

all variables are cointegrated (Pedroni, 2004).  

The test is performed for two cases: when CO2 is the dependent variable (Case 1) and when 

GDP per capita is the dependent variable (Case 2).  

Additionally, Kao (1999) cointegration test is performed as a robustness check. 

3.2.4. Cointegration relationship estimation  

In case the panel cointegration test shows the presence of a long-run relationship between 

variables, the next step of the analysis is estimating the cointegrating relationship. For that 

purpose Dynamic Ordinary Least Squares (DOLS or Dynamic OLS) estimation is applied 

(Stock & Watson, 1993).  

The DOLS model augments the cointegrating regressors with lags and leads of ∆𝑋𝑡. The 

cointegration equation error term is expressed the following way:  

𝑦𝑡 = X𝑡
′ 𝛽 + 𝐷1𝑡

′ 𝛾1 + ∑ ∆𝑋𝑡+𝑗
′ 𝛿𝑟

𝑗=−𝑞 + 𝑣1𝑡                                                                       (7)  

(Stock & Watson, 1993, p. 785) 

One of the positive features of this estimation method is that it is relatively straightforward 

and provides an asymptotic  𝜒2 distribution of the Wald statistics to test the restrictions on 

the cointegrating vectors.  

Since the data are expected to suffer from cross-sectional dependence, the DOLS estimation 

is performed on demeaned data. 

3.2.5. Causality test 

Granger has introduced a widely-used methodology of estimating causality between two 

variables known as the Granger causality test (Granger, 1969). The test is based on the vector 

autoregressions (VAR) model: 
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𝑋𝑡 = ∑ 𝛼𝑖
𝑛
𝑖=1 𝑌𝑡−𝑖 + ∑ 𝛽𝑖

𝑛
𝑗=1 𝑋𝑡−𝑗 + 𝜇1𝑡                                                                                    (8) 

𝑌𝑡 = ∑ 𝜆𝑖
𝑚
𝑖=1 𝑌𝑡−𝑖 + ∑ 𝛿𝑖

𝑚
𝑗=1 𝑋𝑡−𝑗 + 𝜇2𝑡                                                                            (9) 

(Granger, 1969, p. 427) 

Equations 8 and 9 demonstrate that both 𝛸 and 𝑌 are determined by the lagged values of 𝑌 

and 𝛸. The error terms 𝜇1𝑡 and 𝜇2𝑡 are assumed to be non-correlated. Granger causality 

applies F-statistic to test whether ∑ 𝛼𝑖 and ∑ 𝜆𝑖 are not equal to zero. If the null hypotheses 

are rejected (∑ 𝛼𝑖 and ∑ 𝜆𝑖 are equal to zero), the test supports the existence of causality 

between 𝛸 and 𝑌.  

Despite being commonly applied in econometrics, Granger causality approach has several 

weaknesses. Its results depend on the number of lags and the model implemented in the 

analysis. Furthermore, it is empirically estimated that the standard Granger causality test 

generates misleading results and is in general invalid when the variables are cointegrated and 

non-stationary (Toda & Peter, 1993).  

Toda and Yamamoto (1995) proposes a modified version of the standard Granger causality 

test that employs a Modified Wald test statistic to test the significance of the coefficients in 

the VAR model. This approach is estimated to perform better since it does not result in 

biased estimators due to non-stationarity and cointegration (Zapata & Rambaldi, 1997). It is 

discussed in the previous sections of this paper that in panel unit root tests the rejection of 

the null hypothesis of non-stationarity does not guarantee the stationarity of the whole 

dataset. In addition, the Pedroni cointegration tests (1999, 2004) have low power. Therefore, 

there is no way to guarantee the type of the process in the given dataset, which is a source of 

error in the results. However, the Toda-Yamamoto modification of the Granger causality 

test is a relatively risk-averse approach that works regardless of whether the data are 

cointegrated, integrated or stationary. 

To apply the Toda-Yamamoto procedure to the Granger causality test, one should know the 

maximum order of integration in the dataset (𝑚). The lag length (𝑝) is selected according 

to Akaike Information Criterion (AIC) and Schwarz Information Criterion (SIC). Then the 

maximum order of integration (𝑚) is added to the optimal lag length in the VAR (𝑝 +

𝑚) model. Then, a Fixed Effects regression is estimated, and Granger non-causality is tested 

by means of a coefficient restrictions Wald test. The Fixed Effects estimation is preferred to 

Random Effects since the data is likely to suffer from unobserved heterogeneity, which the 

Fixed Effects model would take into account.  
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Wald test statistic has a 𝜒2- distribution with 𝑝 degrees of freedom. The null hypothesis is 

that the coefficients of the first 𝑝 lagged values of 𝛸 are equal to zero in the 𝑌 equation:  

H0: 𝛽1 = 𝛽2 = ⋯ = 𝛽𝑝 = 0  

The rejection of the null hypothesis means that 𝛸 does not Granger-cause 𝑌. Then the test 

is repeated for the values of 𝑌 in the 𝛸 equation (Toda & Yamamoto, 1995). 

Generally, if the variables are cointegrated, there must be unidirectional or bidirectional 

Granger causality between them.  
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4. Results 

4.1. Cross-sectional dependence test results 

The results of the test are presented in Table 4. The null hypothesis states no cross-sectional 

dependence. If the p-value of the Pesaran’s CD statistic is below the significance level, the 

null hypothesis is rejected. 

Table 4. Pesaran’s CD Test  

 Pesaran’s CD statistic P-value 

CO2 -3.3632***  0.0008 

Y 13.5036***  0.0000 

Y2 13.7354***  0.0000 

E 7.0506***  0.0000 

U2 16.5971***  0.0000 

TR 7.4629***  0.0000 

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

According to the CD statistics and the corresponding p-values of the Pesaran’s CD test, the 

null hypothesis of no cross-sectional dependence is rejected at all common significance 

levels. Therefore, there is strong evidence of cross-sectional dependence in the data. The 

problem of cross-sectional dependence is taken into consideration at later stages of the 

analysis by application of an appropriate panel unit root test and by data demeaning.   

4.2. Panel unit root test results 

The null hypothesis of the CIPS test assumes that all series are non-stationary, while the 

alternative hypothesis states that some of the series are stationary.  

Stata reports the CIPS statistics and critical values for the corresponding degrees of freedom. 

In case the CIPS statistic is larger (in absolute value) than the critical value, the null hypothesis 

is rejected at the corresponding significance level. The results of the CIPS test are reported 

in Table 5 for three deterministic specifications: 1) Case1: Model without intercepts or trends; 

2) Case 2: Model with individual-specific intercepts and 3) Case 3: Model with incidental 

linear trends.  

 

 



 

 19 

Table 5. CIPS Panel Unit Root Test 

Parameter                     CIPS statistic 

 Level form First difference 

Case 1. Model with no intercept or trend 

CO2 -1.604** -5.240*** 

E 0.149 -4.017*** 

Y -0.272 -2.283*** 

Y2 0.052 -1.929*** 

TR -2.293*** -5.114*** 

U2 -0.759 -2.152*** 

Case 2. Model with an intercept 

CO2 -2.688*** -5.290*** 

E -1.999 -4.454*** 

Y -1.325 -3.709*** 

Y2 -1.150 -3.419*** 

TR -2.979*** -5.265*** 

U2 -2.014 -1.700 

Case 3. Model with an intercept and trend 

CO2 -3.438*** -5.372*** 

E -2.676 -4.428*** 

Y -2.186 -4.817*** 

Y2 -1.805 -4.605*** 

TR -3.164*** -5.441*** 

U2 -2.439 -2.828** 

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

According to the results of the CIPS panel unit root test, most of the variables appear to be 

integrated of order one. In particular, the CIPS statistics are significant for carbon emissions 

and foreign trade at the level form for all common significance levels. Hence, the null 

hypothesis of unit root is rejected. However, the rest of the variables are non-stationary and 

become stationary at first difference. Therefore, the data are roughly stable.  

The results of the CIPS test are checked for robustness by means of the Hadri panel unit 

root test on demeaned data (to control for CSD). The results are not consistent with the 

CIPS test and, therefore, are not included in the analysis.   
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Given the results of the CIPS test, the next subsection tests data for cointegration (the 

existence of a long-run relationship between the variables).  

4.3. Panel cointegration test results 

The results of the panel cointegration test are presented for Case 1 (with CO2 as the 

dependent variable) and Case 2 (with GDP per capita as the dependent variable), in Table 6. 

The null hypothesis assumes no cointegration relationship. If the p-value of the test-statistic 

is larger than the significance level, the null hypothesis is rejected.  

Table 6. Pedroni Cointegration Test (individual intercept & individual trend) 

Case 1: CO2 E Y Y2 TR U2 

 Test Test statistic P-value 

Within dimension 
Panel PP -3.0848*** 0.0010 

Panel ADF -3.1832*** 0.0007 

Between dimension 
Group PP -4.6993*** 0.0000 

Group ADF -4.1205*** 0.0000 

Case 2: Y CO2 E TR U2 

 Test Test statistic P-value 

Within dimension 
Panel PP -3.4359*** 0.0003 

Panel ADF -4.0321*** 0.0001 

Between dimension 
Group PP -2.7843*** 0.0027 

Group ADF -3.2600*** 0.0006 

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

According to the Pedroni cointegration test, the null hypothesis of no cointegration is 

rejected by the panel PP and panel ADF statistics, as well as by group PP and group ADF 

statistics at 1% significance level, in both cases. The results indicate the presence of a long-

run relationship between carbon emissions, gross domestic product, energy use, foreign 

trade, and urbanization, in both cases.  

Kao cointegration test (1999) was also performed as a robustness check. The null hypothesis 

is the same as in the Pedroni cointegration test. The results for Case 1 and Case 2 are 

presented in Table 7. The Kao cointegration test outcome supports the result of the Pedroni 

test, showing significant ADF-statistics and Residuals, in both cases. So, the cointegration 

test results are consistent.   
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Table 7. Kao Cointegration Test (individual intercept) 

Dependent variables        Test                                              t-statistics                           P-value 

CO2 

ADF -4.0706*** 0.0000 

Residual variance 0.0000 - 

HAC variance 0.0000 - 

Y 

ADF -2.0446** 0.0204 

Residual variance 0.0003 - 

HAC variance 0.0005 - 

Dependent variables        Residual                                       t-statistic                             P-value 

CO2 Residit-1 -5.8211*** 0.0000 

Y Residit-1 -3.4072*** 0.0008 

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

4.4. Cointegration relationship estimation results 

The results of the Dynamic OLS estimation for carbon dioxide emissions as the dependent 

variable are presented in Table 8. The model is estimated with a constant trend and leads and 

lags set to one.  

Table 8. Dynamic OLS (CO2 – dependent variable) 

 Coefficient Std. error t-statistic P-value 

E 0.5993*** 0.1360 4.4076 0.0000 

Y 0.4639 0.5393 0.8602 0.3926 

Y2 -0.0780 0.0786 -0.9921 0.3246 

TR 0.0438 0.0861 0.5083 0.6128 

U2 -0.1976*** 0.0538 -3.6729 0.0005 

     

R-squared 0.9960 Mean dependent var. 0.0000 

Adj. R-squared 0.9912 S.D. dependent var. 0.1252 

S.E of regression 0.0118 Sum of squared residuals 0.0097 

Long-run variance 0.0001   

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

The results show significant coefficients for energy use and urbanization. Note that the 

coefficients represent elasticities since the variables are in logarithmic terms. Energy 

consumption has a positive long-run effect on carbon emissions: with an increase in energy 
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use by 1%, carbon emission increase by 0.60%. This is an expectable result, especially for 

developing countries, since they tend to use energy-inefficient production resources. This 

positive effect of energy consumption on CO2 emissions is also supported by the findings of 

Ang (2007, 2009) and Halicioglu (2009). 

Moreover, neither GDP per capita, nor GDP per capita squared coefficients are significant. 

Therefore, the results of the cointegration relationship estimation do not support the 

applicability of the environmental Kuznets curve in the BRICS. This finding is consistent 

with recent empirical evidence. In particular, Stern (2004) criticizes the statistical validity of 

the EKC and argues that many papers that find evidence of the EKC are statistically weak, 

do not apply diagnostics tests and, therefore, have questionable methodology.  

In addition, an inverted U-shaped relationship is estimated between CO2 emissions and 

urbanization, with a negative sign of the urbanization coefficient, indicating that the BRICS 

have reached a high percent of urban population. This result is consistent with research on 

the relationship between carbon emissions and urbanization in emerging countries 

(Martínez-Zarzoso & Maruotti, 2011; Wang et al., 2016).  

The estimation results in Table 8 also exhibit high values regarding both R-squared and 

adjusted R-squared. It was discussed before that some of the explanatory variables are 

correlated. For robustness check, the DOLS is estimated for a specification that excludes 

urbanization as an explanatory variable (due to a high correlation between GDP per capita 

and urbanization and, consequently, possible multicollinearity). The results are consistent 

and can be found in Table 11 in Appendix 1. When the urbanization variable is excluded 

from the model (see Table 11) the R-squared and adjusted R-squared do not change 

substantially. Discussion on the robustness check is available in more detail in the Appendix. 

Moreover, the Wald restriction test is performed to test the joint significance of the 

coefficients in Table 8. The result suggests that the hypothesis of all coefficients being jointly 

equal to zero, is rejected at 1% significance level. Therefore, the result of the Wald test cannot 

find any indications that the regression model does not fit the data.  

The results of the Dynamic OLS estimation for GDP per capita as the dependent variable 

are presented in Table 9.   
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Table 9. Dynamic OLS (Y – dependent variable) 

 Coefficient Std. error t-statistic P-value 

CO2 -0.1391 0.4100 -0.3393 0.7352 

E 1.7390*** 0.2527 6.8824 0.0000 

TR -0.2511** 0.1182 -2.2456 0.0273 

U2 -0.1451 0.1141 -1.2719 0.2068 

     

R-squared 0.9972 Mean dependent variable 0.0000 

Adj. R-squared 0.9951 S.D. dependent variable 0.4572 

S.E of regression 0.0322 Sum of squared residuals 0.0890 

Long-run variance 0.0010   

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

Note that GDP per capita squared is excluded from the estimation since it does not possess 

economic meaning in this specification. The DOLS regression is estimated with a constant 

trend and leads and lags set to one. 

The results show an insignificant coefficient of carbon emissions. However, energy use and 

trade volume are significant, which goes in line with the findings of Halicioglu (2009). 

According to the estimation output, energy use has a positive significant effect on economic 

growth: with a 1% increase in energy use, GDP per capita increases by 1.74%. This result 

may be explained by the fact that in developing countries, such as the BRICS, more intensive 

use of energy is associated with higher levels of production.  

Moreover, foreign trade has a negative significant effect on economic growth: with a 1% 

increase in trade volume, GDP per capita decreases by 0.31%. This result is consistent with 

a recent study on the relationship between trade openness and economic growth (Huchet-

Bourdon, Le Mouël, & Vijil, 2011). Huchet-Bourdon, Le Mouël and Vijil find that trade may 

have a negative impact on economic growth in countries that specialize in low-quality 

products. The researchers recommend increasing the value-added to trade for countries with 

low-quality of exports.  

Moreover, the Wald restriction test is performed to test the joint significance of the 

coefficients in Table 9. The result suggests that the hypothesis of all coefficients being jointly 

equal to zero, is rejected at 1% significance level. Therefore, the result of the Wald test cannot 

find any indications that the regression model does not fit the data. 
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Additionally, the normality test is performed for both model specifications. The results are 

available in Appendix 2.  

4.5. Causality test results 

The causality test is performed as a modified version of the Granger causality test, with an 

extra lag. The results are available in Table 10. For a detailed description of the Toda-

Yamamoto procedure, performed in EViews, please see Appendix 3.  

The null hypothesis assumes no Granger causality between the variables of choice. If the p-

value of the Chi-squared statistic is less than the significance level, the null hypothesis is 

rejected at the corresponding significance level. The presence of causality is tested for 

combinations of two variables. Since Y2 (GDP per capita squared) is a power of Y (GDP per 

capita), the test for pairs of Y2 with other variables was not performed. The 𝜒2- statistics 

represent the outcomes of the coefficient restrictions Wald tests within the corresponding 

Fixed Effects regressions.  

Table 10. Toda-Yamamoto Modified Granger Causality Test 

Null Hypothesis                                                                       Chi-squared statistic          P-value 

Y does not Granger-cause CO2 3.6788 0.1589 

CO2 does not Granger-cause Y 0.0495 0.9756 

CO2 does not Grander-cause E 3.3684 0.1856 

E does not Grander-cause CO2 7.1118** 0.0286 

E does not Granger-cause Y  0.6951 0.7064 

Y does no Granger-cause E 56.0141*** 0.0000 

TR does not Grander-cause CO2 0.0632 0.8016 

CO2 does not Grander-cause TR 0.3699 0.5431 

CO2 does not Granger-cause U 5.2030 0.2671 

U does not Granger-cause CO2 7.8975* 0.0954 

E does not Granger-cause TR 27.9525*** 0.0000 

TR does not Granger-cause E 2.1061 0.5507 

E does not Granger-cause U 1.0175 0.9611 

U does not Granger-cause E 9.3584* 0.0956 

Y does not Granger-cause TR 137.5450*** 0.0000 

TR does not Granger-cause Y 1.0593 0.9576 

Y does not Granger-cause U 5.2588 0.1538 

U does not Granger-cause Y 10.8043** 0.0128 
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Null Hypothesis                                                                       Chi-squared statistic          P-value 

TR does not Granger-cause U 0.7403 0.8637 

U does not Granger-cause TR 1.4667 0.6900 

* Indicates significance at 10% level 

** Indicates significance at 5% level 

*** Indicates significance at 1% level 

According to the estimation results, there is no causal relationship between carbon emissions 

and GDP per capita in the BRICS. This conclusion is consistent with the findings of the 

cointegration relationship estimation.  

The results, however, show a unidirectional causal relationship running from energy use to 

carbon emissions. This outcome is consistent with the results of the study performed by 

Cowan et al. (2014) for India. A possible policy implication of this outcome is that developing 

countries should consider reducing energy consumption and increasing energy efficiency 

through technological development and higher investments in cleaner resources of 

production. 

Furthermore, the Granger causality test detects a unidirectional causal relationship running 

from GDP per capita to energy use. This causal link is supported by research on the 

relationship between energy consumption, economic growth and prices in Korea and Taiwan 

(Masih & Masih, 1997). In addition, Wold-Rufael (2014) performs a bootstrap panel causality 

test and finds that the unidirectional causality runs from economic growth to energy in the 

Czech Republic, Latvia, Lithuania and Russia.  

In addition, there is a unidirectional causality running from energy use to foreign trade and 

from economic growth to trade. This result suggests that higher intensity of energy use is 

associated with larger production and, as a result, stimulates foreign trade.  

Urbanization was estimated to Granger-cause carbon emissions. This result is consistent with 

a recent study on the BRICS by Wang, Li, Kubota, Han, Zhu and Lu (2016). Moreover, there 

is a unidirectional causality running from urbanization to economic growth. This finding goes 

in line with recent theoretical research on economic agglomeration, which identifies that 

urbanization and spatial proximity are beneficial for economic development. The main 

reason is that larger cities allow better specialization and larger spillover effects within and 

between industries (Quigley, 2008).  

The Granger causality test also estimates a causal relationship that runs from urbanization to 

energy use. According to recent research, electricity and industrial production are the major 

contributors to increases in energy use (Franco, Mandla, & Ram Mohan Rao, 2017). Since 
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urbanization would increase the demand for electricity, the overall increase in energy 

consumption is a logical consequence of urbanization.   
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5. Conclusion 

The purpose of this thesis is to study the cointegration and causal relationship between 

carbon emissions, energy use, and economic growth as well as to tests the application of the 

environmental Kuznets curve in the BRICS, by performing a panel analysis within 1980-

2013.  

The results of the cointegration relationship estimation do not support the applicability of 

the EKC in the BRICS. Additionally, the estimation output shows that the elasticity of 

carbon emissions to energy use is 0.60%. Furthermore, the elasticity of economic growth to 

energy use is estimated to be 1.74%, while the elasticity of economic growth to foreign trade 

is negative and equal to -0.25%. The reason for the negative sign of the trade coefficient 

could be the fact that the BRICS mainly export low-quality products.   

In addition, an inverted U-shaped relationship is estimated between CO2 emissions and 

urbanization, with a negative sign of the urbanization coefficient, indicating that the BRICS 

have reached a high percent of urban population.  

The Granger causality tests (the Toda-Yamamoto modification) indicate no evidence of 

causal relationship between economic growth and carbon emissions. However, energy use is 

found to Granger-cause carbon emissions, while economic growth, in turn, Granger-causes 

energy use. Furthermore, urbanization is estimated to Granger-cause carbon dioxide 

emissions, economic growth and energy use. These results highlight the importance of 

rational urban planning for policy-makers.  

A potential limitation of this study is different purchasing power in the BRICS, which is not 

reflected in the income variable. GDP per capita is measured in the constant 2010 US dollars, 

which do not have the same value in the countries under consideration. This issue can be 

addressed in future research by employing an income variable that is based on purchasing 

power parity.  

The overall contribution of this thesis is relative statistical reliability of the results due to 

control for cross-sectional dependence and application of appropriate tests and estimation 

methods. This thesis adds to the existing literature and can have policy relevance for the 

BRICS countries. Based on the results of this study, the overall recommendation is to 

prioritize increase in energy efficiency through technological development and use of cleaner 

resources of production.   
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7. Appendix 

Appendix 1. Dynamic OLS robustness check 

To check for robustness a dynamic OLS is estimated without the urbanization parameter for 

the case when CO2 is the dependent variable. The reasoning behind this step is the presence 

of high correlation between the urbanization parameter and GDP per capita (see Table 3).  

Table 11. Dynamic OLS without U2 (CO2 – dependent variable) 

 Coefficient Std. error t-statistic P-value 

E 0.3432*** 0.1028 3.3384 0.0012 

Y 0.1144 0.3976 0.2876 0.7743 

Y2 -0.0265 0.0625 -0.4238 0.6728 

TR 0.1206 0.0820 1.4703 0.1451 

     

R-squared 0.9915 Mean dependent var. 0.0000 

Adj. R-squared 0.9848 S.D. dependent var. 0.1252 

S.E of regression 0.0155 Sum of squared residuals 0.0205 

Long-run variance 0.0003   

 

According to Table 11, the energy consumption coefficient is still significant at 1% 

significance level. The elasticity of carbon dioxide emissions to energy use is 0.34%. The 

elasticity is slightly lower than in the initial estimation, however the sign of the coefficient 

does not change with the exclusion of the urbanization parameter from the model. Moreover, 

in this specification the EKC is still not supported, with the p-values of Y and Y2 larger than 

in the initial estimation in Table 8. Furthermore, both R-squared and adjusted R-squared do 

not change very substantially compared to the initial estimation. Therefore, the estimation 

results are robust. 
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Appendix 2. Normality tests (in the Dynamic OLS framework) 

To test for normality, Jarque-Bera test is performed. The results are available in Figures 3 

and 4.  

Figure 3. Jarque-Bera Normality Test, Dynamic OLS (CO2 – dependent variable) 
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Source: Obtained from EViews 

In Case 1 (carbon emissions – dependent variable), the Jarque-Bera statistic is equal to 1.2281 

with a corresponding p-value of 0.5412. Therefore, the hypothesis of normality is not 

rejected at any common significance levels.  

Figure 4. Jarque-Bera Normality Test, Dynamic OLS (Y – dependent variable) 
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Source: Obtained from EViews 

In Case 1 (carbon emissions – dependent variable), the Jarque-Bera statistic is equal to 6.3480 

with a corresponding p-value of 0.0418. The results of the Jarque-Bera test suggest that we 

reject the null hypothesis of normality at 5% significance level. However, non-normality of 

data is quite common in economic analysis.  
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Appendix 3. Toda-Yamamoto Granger causality test procedure 

Step 1. Determination of optimal lag length and VAR estimation 

Table 12. Vector autoregressive estimation of CO2 and Y 

 CO2 Y 

CO2(-1) 
Coefficient 

Std. error 

t-statistic 

 0.9694 

 (0.0827) 

[ 11.7176] 

-0.0166 

(0.1626) 

[-0.1022] 

CO2(-2) 
Coefficient 

Std. error 

t-statistic 

-0.0323 

(0.1130) 

[-0.2855] 

0.0015 

(0.2222) 

[0.0069] 

Y(-1) 
Coefficient 

Std. error 

t-statistic 

0.0604 

(0.0410) 

[1.4717] 

1.2665 

(0.0806) 

[15.7092] 

Y(-2) 
Coefficient 

Std. error 

t-statistic 

-0.0685 

(0.0666) 

[-1.0290] 

-0.1061 

(0.1309) 

[-0.8103] 

C 
Coefficient 

Std. error 

t-statistic 

0.0000 

 (0.0008) 

[ 0.0000] 

0.0000 

(0.0016) 

[0.0000] 

CO2(-3) 
Coefficient 

Std. error 

t-statistic 

0.0481 

(0.0808) 

[0.5947] 

0.0206 

(0.1589) 

[0.1296] 

Y(-3) 
Coefficient 

Std. error 

t-statistic 

0.0019 

(0.0407) 

[0.0479] 

-0.1730 

(0.0800) 

[-2.1641] 

R-squared 0.9940 0.9982 

Adjusted R-squared 0.9937 0.9981 

SSR 0.0143 0.0553 

S.E. equation 0.0098 0.0193 

F-statistic 4061.305 13761.37 

Log likelihood 499.9989 395.2580 

AIC -6.3613 -5.0098 

SIC -6.2238 -4.8723 

Mean dependent variable 0.0000 0.0000 

S.D. dependent 0.1241 0.4481 

Log likelihood  895.2574 

Akaike information criterion -11.3711 

Schwarz criterion -11.0962 

The lag length is selected according to the common information criteria available in EViews 

(AIC, SIC). The level of integration is then added to the lag length according to the Toda-

Yamamoto procedure.  
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Step 2. Fixed effects estimation 

Table 13. Fixed Effects Estimation (CO2 – dependent variable) 

Variable Coefficient Std. error t-statistic P-value 

C 0.0000 0.0008 0.0000 1.0000 

CO2(-1) 0.9135 0.0834 10.9587 0.0000 

CO2(-2) -0.0401 0.1113 -0.3606 0.7189 

CO2(-3) 0.0252 0.0800 0.3151 0.7531 

Y(-1) 0.0784 0.0430 1.8233 0.0703 

Y(-2) -0.0664 0.0655 -1.0142 0.3122 

Y(-3) -0.0082 0.0425 -0.1936 0.8467 

R-squared 0.9943 Mean dependent var. 0.0000 

Adj. R-squared 0.9939 S.D. dependent var. 0.1241 

S.E of regression 0.0100 Sum of squared residuals 0.0135 

F-statistic 2525.386   

Prob(F-statistic) 0.0000   

 

Table 14. Wald Test, c(5)=c(6)=0 

Test statistic Value df P-value 

Chi-squared 3.6788 2 0.1589 

 

Table 15. Fixed Effects Estimation (Y – dependent variable) 

Variable Coefficient Std. error t-statistic P-value 

C 0.0000 0.0015 0.0000 1.0000 

CO2(-1) 0.0257 0.1609 0.1597 0.8734 

CO2(-2) 0.0015 0.2147 0.0076 0.9940 

CO2(-3) 0.0194 0.1543 0.1255 0.9003 

Y(-1) 1.1542 0.0830 13.9027 0.0000 

Y(-2) -0.0951 0.1264 -0.7520 0.4533 

Y(-3) -0.0916 0.0821 -1.1162 0.2662 

R-squared 0.9984 Mean dependent var. 0.0000 

Adj. R-squared 0.9983 S.D. dependent var. 0.4481 

S.E of regression 0.0187 Sum of squared residuals 0.0501 

F-statistic 8873.194   

Prob(F-statistic) 0.0000   

 

Table 16. Wald Test, c(2)=c(3)=0 

Test statistic Value df P-value 

Chi-squared 0.0495 2 0.9756 



 

 35 

The Toda-Yamamoto modification of the Granger causality test result is determined by the 

value of the Chi-square statistic and the corresponding p-value in the Wald test. The first 

Wald test (see Table 14) tests whether economic growth Granger-causes carbon emissions. 

The null hypothesis is rejected at all common significance levels. Therefore, there is no 

evidence that economic growth Granger-causes carbon emissions.  

Furthermore, the second Wald test (see Table 16) tests whether carbon emissions Granger-

cause economic growth. The null hypothesis is rejected at all common significance levels. 

Therefore, the Wald test cannot find any indications that carbon emissions Granger-cause 

economic growth.  

The same procedure is repeated for all combination of variables, the corresponding Chi-

squared statistics for each test are available in Table 10 in the main part of this paper. 


