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Abstract 
 

This thesis explores the effect of four macroeconomic variables on CO2 emissions for the G7 

countries plus China, between 1970 and 2017. The independent variables applied are GDP per 

capita (GDP), crude oil prices (OIL), annualized inflation (CPI), and nominal interest rate 

(INT). The overall purpose is to investigate how the effects of these variables on CO2 emissions 

differ between countries and time periods. A structural break test found that each dataset breaks 

between 1992 and 1998. After finding cointegration a vector error correction model (VECM) 

is applied to infer/deduce/surmise linear relations between the variables. The main findings 

indicate that results are coherent among countries but differ between time series. For all 

variables, significant relationships were found. For the pre-break period, an increase to GDP 

and OIL result in higher CO2 emissions (ceteris paribus), while an inverse relationship is found 

for CPI and INT. In the post-break datasets, the effect of each independent variable shifts to its 

opposite, except for GDP. Overall, the relevance of exploring CO2 emissions from a 

macroeconomic perspective is emphasized since each of the analyzed independent variables 

possess a measurable effect.     
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Abbreviations 

 

Variables 

CO2  :  Natural logarithm of carbon dioxide emissions per capita. 

GDP  :  Natural logarithm of real, seasonally adjusted GDP per capita, in PPP. 

OIL  : Natural logarithm of real crude (WTI) oil prices. 

CPI  : Annualized (growth) rates of CPI. 

INT  : Nominal (benchmark) interest rates.  
 

Econometric Terminology 

OLS  : Ordinary least squares (model) 

VAR  : Vector autoregression (model) 

VECM  : Vector error correction model 

ARDL  : Autoregressive distributed lag (model) 

DF  : Dickey-Fuller (test) 

ADF  : Augmented Dickey-Fuller (test) 

CUSUM  : Cumulative sum (test/plot) 

IRF  : Impulse response function (plot) 

FEVD  : Forecast error variance decomposition (plot) 
 

Economic Theory 

EKC  : Environmental Kuznets Curve 

PHH  : Pollution Haven Hypothesis 

NPV  : Net Present Value 
 

Institutions 

ECB  : European Central Bank 

FED  : Federal Reserve (U.S.) 

FRED  : Federal Reserve Economic Data 

UN  : United Nations 

OECD  : Organization for Economic Co-operation and Development 

IEA  : International Energy Agency 

EIA  : Energy Information Administration (U.S.) 

EPA  : Environmental Protection Agency (U.S.) 
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1. Introduction 

 
In a period which is becoming the greatest economic disruption since the Second World War, 

a remarkable development is found in an otherwise devastating pandemic. In recorded history, 

no war, recession, or previous disaster has contributed to a similar downward trend in carbon 

dioxide (CO2) emissions. The International Energy Agency (IEA, 2020) predicts that global 

emissions will decrease by 8% this year. Consequently, the restrictions associated with Covid-

19 have been the cause of the greatest carbon crash in history. This illustrates the undeniable 

connection between man-made economic activity and CO2 emissions. This deep-rooted link 

has simultaneously made climate change one of the greatest challenges of this century. 

Although sustainability has been a growing topic in sociopolitical and academic arenas, the 

current pandemic, among its many aspects of concern, strengthens the necessity to explore CO2 

emissions in a macroeconomic context. Within this thesis, the effects of well-known and 

established economic indicators on CO2 emissions form the foundation of further analysis. 

 
CO2 emissions are part of the greenhouse gases which trap heat inside the atmosphere and 

therefore contribute to global warming. Although methane (CH4) and nitrous oxide (N2O) are 

also elements to this group, CO2 emissions are seen as the greatest contributor, accounting for 

over 80% of all greenhouse gases (EIA, 2011). Therefore, increasing levels of CO2 emissions 

are identified as one of the key causes of global warming and the subsequent effects of climate 

change (Pachauri et al., 2014). In practical terms, rising temperatures have contributed to more 

extreme weather conditions, resulting in frequent wildfires, severe drought, and tropical storms 

(NASA, n.d.a). With regards to the sources of CO2 emissions, the transportation, electricity 

production, and manufacturing sectors are reported as the biggest polluters, contributing 28%, 

27% and 22% respectively in 2018 for the United States (U.S.) (EPA, n.d.). Due to the 

arguments above, CO2 emissions are the most suitable indicator to track climate change and 

design more effective global sustainability policies.  

 
Throughout the last decades, non-governmental organizations and countries worldwide have 

set up ambitious targets to reduce the amount of emissions in the atmosphere. In 1988, the 

United Nations (UN) launched the Intergovernmental Panel on Climate Change (IPCC) with 

the goal to inform nations about the human-induced contributing factors to global warming.  
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Since then, other international agreements can be described as influential milestones in the 

fight against climate change. In 1997, the Kyoto protocol quantified ambitions to reduce CO2 

emissions by 5% between 2008 and 2012 (UN, n.d.a). More recently, the Paris agreement was 

drafted in 2015. This accord was underwritten by 174 countries and aimed to further strengthen 

international efforts against the threats of global warming. Overall, the aim is to keep 

temperatures under a 2° Celsius increase compared to pre-industrial levels (UN, n.d.b). 

Furthermore, this agreement argues for greater financial resources available to green 

technological solutions and emphasizes necessary steps for countries to transition to low-

emission economies. Consequently, these developments may contribute to continuous 

improvements regarding societies’ impact on the environment. 

 
While governments come together to steer a global response to climate change, societies and 

individuals are quick to react to inadequate efforts. Highlighted by individuals such as Greta 

Thunberg and demonstrations by concerned youths throughout Europe, it is clear that society 

demands change. Nonetheless, a counter movement of climate change deniers has also become 

more popular. Emphasized by president Trump’s withdrawal from the Paris agreement, which 

was once spearheaded by the U.S. government, these contradictions question whether the 

effects of global economies on the environment are likely to improve.  

 

While the divide between sociopolitical groups regarding sustainability and climate action does 

not seem to disappear soon, another perspective entails the response by businesses to the call 

of global warming. To illustrate this development, the number of multinationals who report on 

their environmental responsibility and accountability has grown dramatically over the last 

decades (Kolk, 2008). Similarly, with a growing focus on the environment by consumers and 

governments, there are greater financial incentives for companies to incorporate a sustainable 

aspect in their (core) business model. Oppositely, concerns are raised regarding the honesty of 

firms’ ambitious goals and sustainability reports, often referring to greenwashing as a tactic by 

companies to appear more sustainable to their stakeholders.  
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In addition to efforts by politicians, societies, and businesses, academia has contributed to 

emphasize the dangers of global warming. The Nobel prize in economics was awarded to 

Wilhelm Nordhaus in 2018 for his work on “integrating climate change into long-run 

macroeconomic analysis” (Nobel Prize Organization, 2018). Nordhaus’ work on economics 

and climate change dates back to 1975 and his first paper Can We Control Carbon Dioxide?, 

in which he argues that carbon dioxide will probably be the first man-made emission to affect 

climate on a global scale (Nordhaus 1975, p. 1). This Nobel prize awarded within the field of 

environmental economics further highlights the relevance of the relationship between global 

warming and the economy. So far, well-known economic literature has mostly focused on the 

effects of climate change on the economy, i.e. what rising levels of CO2 emissions do for factors 

such as economic growth. However, little attention has been put into investigating the 

macroeconomic determinants of CO2 emissions. 

 

Consequently, it is evident that climate change is the topic of an ongoing global debate. 

Although the man-made aspect of environmental degradation appears clearer than ever due the 

effects of the Covid-19 pandemic, many questions still remain. Whereas well-established 

academic research has been done on the topic, the role of CO2 emissions in the macroeconomy 

has been mostly one directional. Specifically, these past papers outlined the effects of 

environmental decline on economic aspects like GDP growth. By exploring the 

macroeconomic determinants of CO2 emissions, this thesis strives to fill a gap in the academic 

literature, i.e. by turning the relationship around. These contributions are argued to be threefold. 

First, by applying the proper methodology and statistical tests, such as accounting for 

cointegration, econometric models will more closely represent reality. Secondly, by 

emphasizing CO2 emissions as the variable of focus and being transparent about the origins 

and calculations behind the data, this thesis may contribute to better academic standards on this 

proxy for sustainability. Lastly, by using a data sample spanning multiple countries and a long 

time period, the econometric results allow for more comparisons and a greater degree of 

generalizability when consistent results are found. 

 

 



 

[1]: Aggregate demand is defined as the total demand for finished goods and services in a given 
period (Sexton & Fortura, 2005).  
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1.1 Components of the Econometric Analysis 

Following the previous established relevance of CO2 emissions in a macroeconomic context, 

this section explores the type of methodology, the analyzed countries, time period, and the 

chosen independent variables. Foremost, regarding the chosen methodology, a quantitative 

approach is considered the most appropriate. Utilizing qualitative data, for example the use of 

expert opinions or exploring policy strategies, may provide a different perspective on CO2 

emissions but is inherently subjective in nature. Contrastingly, taking a quantitative, 

econometric approach to investigate CO2 emissions will yield more objective results and the 

ability to compare and contrast findings between datasets. This thesis opts for a deductive 

structure which steers its analysis based on (economic) theory and formulated hypotheses. 

 

To outline the scope of the analysis, this thesis selects eight nations and a long time period. 

Foremost, the countries composing the Group of Seven (G7), i.e. Canada, France, Germany, 

Italy, Japan, United Kingdom, and U.S., are selected due to their global economic relevance 

and influence. Additionally, this thesis chooses to add China to this list because of its clear link 

with (global) CO2 emissions. Namely, China is one of the world’s fastest growing economies 

and has become the largest global manufacturing hub. Moreover, to underline their importance, 

these eight countries contribute to approximately 50% of the global CO2 emissions (Ritchie & 

Roser, 2017). With regards to the selected time period, this thesis strives to perform its analysis 

on the longest possible data sample, where the availability of the data sets the limit. These long 

time periods are preferred because they allow for early- versus late-period comparisons. 

 

In the following paragraphs, the independent variables are introduced through economic 

reasoning and common sense. The first macroeconomic aspect which should be in the model 

encompasses a country’s economic wealth. A logical measurement for this angle is gross 

domestic product (GDP). This independent variable captures the size of an economy, the 

effects of recessions, and economic growth. The basic explanation connecting GDP to CO2 

emissions is as follows. As people become richer, aggregate demand[1] for goods and services 

increases, which in turn is likely to result in higher CO2 emissions. More detailed arguments 

to link GDP and aggregate demand to CO2 emissions are provided in the section 3.1, while a 

more detailed outline of GDP and necessary adjustments are given in this thesis’ data section.  



 

[2]: For example, the U.S. experienced very volatile and high inflation rates in the 1970s. When 
Paul Volcker became chairman of the FED in 1979, output stability by adjusting the nominal 
interest rates became a key factor of their monetary policy, subsequently reducing the inflation 
from over 10% to 4% (Goodfriend, 2007). Similar strategies were adopted globally, resulting 
in average inflation rates declining by 10% between the 1980s and early 2000s (Rogoff, 2003).  
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For the second independent variable, there is an intuitive link between fossil fuels and CO2 

emissions. These fuels are often characterized as important input factors for sectors such as 

transportation, electricity, and manufacturing. Noteworthy, these sectors coincide with the 

previously established largest emitters of CO2. Out of these fossil fuels, oil is considered the 

most utilized resource (EIA, n.d.). Crude oil is chosen over end product gasoline because of its 

role in private consumption (e.g. electricity and heating costs) and its function as an important 

production component. Moreover, including oil in the macroeconomic context adds a 

distinguishing factor between economies, namely their role as oil producing or non-producing 

countries. An important addition to this relationship is the growing influence of renewable 

energy. This energy is derived from a broad range of self-renewing resources, such as sunlight, 

wind, water, and geothermal heat, which are considered net emission-neutral (Bull, 2001). 

Developments in the relationship between crude oil prices and CO2 emissions are therefore 

likely affected by technological innovations in the field of renewable energy.  

 

A third important element of macroeconomics encompasses domestic price levels because of 

their close connection to consumer confidence. Moreover, rising price levels are often 

associated with perceived economic stability and certain phases in the business cycle. This 

relationship is outlined further in section 3.4. These factors are expected to influence CO2 

emissions through their effects on aggregate demand. As a proxy for these price levels, this 

thesis argues for the growth rate of the consumer price index (CPI). A growth rate is chosen 

because it describes the speed at which prices develop which is argued to be more closely 

linked to aggregate demand, perceived economic stability, and consumer sentiment than a flat 

price level compared to a reference year, i.e. an index. Utilizing a direct measure of consumer 

confidence is also inferior since no harmonized data is available for all countries, on a quarterly 

basis, spanning the full time period. Consequently, the growth rate of CPI is chosen as an 

appropriate proxy for this aspect of macroeconomics. 

 

The final explanatory variable captures central banks and monetary policy. Whereas the link 

between CO2 emissions and monetary strategy may have been farfetched in the past, central 

banks have become involved in sustainability (Lagarde, 2019). The main instrument available 

to central banks is their nominal interest rate, i.e. how they affect the rest of the economy[2].
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Monetary policy is often designed countercyclical, meaning that in periods of expansion, 

efforts are made to dampen economic activity to avoid rapidly rising prices, while during 

contraction, goals are set to stimulate aggregate demand (Kliesen, 1993). Moreover, nominal 

interest rates also reflect the access to funding for households and businesses. As the nominal 

interest rates decrease, the overall cost of borrowing money goes down, and investments and 

private consumption rises; followed by higher CO2 emissions. An alternative to nominal 

interest rates could have been money supply. However, this thesis argues that nominal interest 

rates have a more direct link to monetary strategy since they are set directly by central banks. 

Money supply is also directly affected by consumption decisions and general economic 

activity. Consequently, nominal interest rate is arguably a purer measure for monetary policy.  
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1.2 Research Question 

Following the arguments for variables, countries, time period, and econometric approach, a 

logical next step defines a research question to steer the general scope of the analysis. As 

described in an earlier section of this introduction, this thesis pursues a quantitative, deductive 

approach. Consequently, in combination with the established variables of interest, the 

following research question is formulated. 

 

(1) How does the relationship between CO2 emissions and GDP, crude oil prices, inflation, 
and nominal interest rates differ between countries and time periods? 

 

The research question above suggests a comparative analysis (i.e. between countries and time 

periods), while a certain level of explanation for these differences is also expected (i.e. how). 

Moreover, as part of its deductive approach, this thesis aims to describe established economic 

theory prior to its econometric analysis. Subsequently, based on logical and academic 

reasoning, four relationships are hypothesized between the independent variables and CO2 

emissions. Based on the findings from the analysis, evidence is found to reject or support these 

hypotheses. This wording is chosen for its clarity in comparison to conventional statistics, 

where results only reject or fail to reject a hypothesis. 
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1.3 Scope and Delimitations 

In combination with the research question, the previously described variables, countries, time 

period, and methodology impose certain restrictions on the depth and width of this thesis. This 

section of the introduction aims to outline these delimitations. The delimitations, i.e. what is 

knowingly excluded from the analysis, stand in contrast against the limitations discussed in 

this thesis’ concluding remarks. Namely, where the former describes conscious decisions, the 

latter accounts for drawbacks of applied models chosen calculations, and unforeseen findings. 
 

With regards to the delimitations, the choice for CO2 emissions is highlighted. As described in 

an earlier section, CO2 emissions are presented as the most appropriate proxy for sustainability. 

Consequently, alternative measures for environmental degradations, such as plastic and toxic 

waste or the use of finite resources, are outside the analysis.  
 

Secondly, the previously formulated research question, and its associated scope, clearly 

outlines the parameters of research. Namely, although comparisons are made between 

countries, a rather domestic approach is applied, where only the crude price of oil is a consistent 

factor among datasets. As such, this thesis does not explore overflow effects between countries 

based on trade, foreign investments, or governmental cooperation. Specifically for nominal 

interest rates, the influence of exchange rates is not considered, i.e. assumed constant.  

Additionally, as logic would suggest, this thesis’ conclusions are based on econometric results 

and are therefore limited to the chosen countries, time period, and variables.  
 

Next, this thesis acknowledges its rather broad approach to the topic of CO2 emissions in a 

macroeconomic context. By selecting four independent variables, eight countries, and a long 

time period, much space is necessarily dedicated to explaining the different results and 

transitions. Although this is simultaneously a strength, which is highlighted in the literature 

review, this also suggests that a potential deeper understanding between one independent 

variable and CO2 emissions is lost. Whether this thesis is able to pinpoint interesting questions 

for future research (i.e. exploring specific relationships) is elaborated further in the conclusion.   
 

A final delimitation of this research describes the applied methodology. By exploring linear 

regressions models to test the hypotheses, certain nuances of these relationships are lost. For 

example, effects which depend on the starting level (i.e. non-linearities) or differ between an 

increase and a decrease (i.e. asymmetry) in the independent variable are not observed. These 

aspects are discussed further in this thesis’ section on limitations and future research.
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1.4 Structure of the Thesis 

With regards to the order of the rest of this thesis, the structure is as follows. Past academic 

literature exploring CO2 emissions as a dependent variable in a macroeconomic context is first 

explored and summarized in chapter 2. This aims to provide further insights into the need of 

this analysis. Next, conventional and established economic theory is discussed in chapter 3 to 

link the independent variables with CO2 emissions. The hypotheses in this part will further 

determine and steer the methodology and discussions. In chapter 4, prior to any statistical 

methods, the data section strives to explain how variables have been transformed to adjust for 

distorting effects. Furthermore, the relevance of CO2 emissions and a correct interpretation of 

this variable is explored in the same chapter. The econometric analysis, in chapter 5, develops 

all the necessary models and applies the correct statistical tests to generate valid results and 

avoid misleading conclusions. Following this analysis which combines the methodology and 

its direct results, chapter 6 presents a discussion to compare findings against formulated 

hypotheses, economic theory, between countries, and among time periods. Finally, in the 

conclusion of this thesis (see chapter 7), the overall interpretations are summarized in a 

response to the previously introduced research question, while potential limitations and 

avenues for future research are also outlined. 

 

 

 

 

 



 

[3]: i.e. the Dynamic Integrated Climate-Economy model. 
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2. Literature Review 

 

Whereas the next chapter introduces general economic theory which forms the basis of various 

hypotheses, this literature review strives to outline the current (academic) framework with 

regards to CO2 emissions in macroeconomic research. This review of past literature contains 

two parts. Firstly, well-established economists and financial institutions have described the 

effect of climate change (and therefore to some extent CO2 emissions) on the macroeconomy. 

Secondly, this section will explore research on the effects of specific economic variables on 

CO2 emissions.  

 

2.1 Impact of Environmental Degradation 

Economic literature has pointed towards the negative effects of climate change on economic 

growth on numerous occasions. For example, Nordhaus (2018) and Burke et al. (2009) both 

argue how a deteriorating environment will negatively influence the potential for economic 

prosperity in years to come. Nordhaus (1992) introduced his DICE[3] model which includes the 

influences of climate change from an economic growth perspective. In a more traditional 

approach, economies make investments in capital, knowledge, and technologies, i.e. they 

reduce current consumption to raise the potential of future consumption (through investments). 

Nordhaus’ model extends this to “natural capital”, which suggests that investments are made 

now to mitigate the negative effects of climate change in the future (subsequently leading to a 

greater potential for economic growth).  

 

With regards to more concrete findings, Dell et al. (2012) found that a 1 degree increase in 

temperature leads to an average drop in economic growth of 1.3 percentage points in poorer 

countries between 1950 and 2003. Other research explored the effects of higher levels of CO2 

emissions and rising temperatures on the financial system, see for example (Grippa et al., 

2019). Extreme weather and rising sea levels destroy infrastructure, land, and private 

properties, which in turn decrease the value of assets and mortgages, an important stream of 

income for financial institutions. As such, it is unsurprising that central banks are also paying 

attention to the potential effects of environmental degradation. Today, more than 50 central 

banks have joined the Network for Greening the Financial System (NGFS) (Davies, 2020) and 

Christine Lagarde, president of the ECB, declared climate change to be her “mission-critical 

priority” in a recent speech (Lagarde, 2019). 
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Research on global warming and monetary policy shows that environmental degradation can 

have a negative influence on several key macroeconomic variables, such as interest rates, 

manufacturing and agricultural output, unemployment, and wages (NGFS, 2020). In a working 

paper for the Bank of England, Batten et al. (2016) expressed that climate change can hinder 

central banks to meet their financial and monetary stability objectives. They established two 

key risks which stand out. Firstly, the so-called physical risk describes the negative effects of 

weather-related events on the balance sheets of private households, banks, and businesses 

which will subsequently become problematic for central banks and their targets. Logically, 

after such climate disasters occur, aggregate demand and output diminishes in a period of low 

consumer confidence, rising unemployment, and asset destruction. Secondly, in line with the 

previously mentioned IMF report (Grippa et al. (2019), Batten et al. (2016) found that the shift 

towards a low-carbon economy requires immediate attention. When countries wait until the 

effects of climate change worsen, they risk being too late to reverse its developments. 

Consequently, these papers agree that a proactive approach to climate change, with a focus on 

a gradual and smooth transition towards a low-carbon economy, is advised. 

 

2.2 Effects of the Macroeconomy on CO2 Emissions 
Whereas, the previous points all argue from the perspective of environmental degradation 

affecting the macroeconomy, this thesis aims to explore CO2 emissions as the dependent 

variable. When turning the relationship around, the literature is considerably less-established. 

Nonetheless, several attempts have been made to explore the effects of macroeconomic factors 

on CO2 emissions. These efforts are described one-by-one in the following section. Afterwards, 

this thesis will summarize their main findings to establish an overall economic consensus on 

the relationship between macroeconomics and CO2 emissions. Moreover, the subsequent 

paragraphs may refer to certain statistical tests which will not be explained further in this 

literature review. Instead, when relevant, these methods are discussed in a later section. 

 

In 2019, Bi et al. investigated the contributing factors of CO2 emissions in China. Their 

research focused on the Yangtze River Delta, a specific area in China which experienced a very 

rapid urbanization process in recent decades. They included variables such as the urbanization 

rate, population, GDP per capita, and energy intensity to explore their effects on CO2 emissions 

between 1990 and 2011. The researchers found cointegration among their variables and found 

a positive and significant correlation with CO2 emissions for GDP per capita and energy 

intensity. However, the effect of energy intensity was shown to decline over time.  
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Zou (2018) is one of the few papers investigating the U.S. with similar variables and explored 

the effects of American crude oil prices and GDP on CO2 emissions in a period ranging 

between 1983 and 2013. The paper accounts for cointegration and applies a VECM model to 

derive its results. These findings suggest that fluctuations in the price of oil were the main 

reason for increasing levels of CO2 emissions, whereas changes to the level of GDP possessed 

no significant effects. Similar results were found for Ecuador in a paper by Nwani (2017) which 

explored the effect of crude oil prices and energy consumption on CO2 emissions between 1971 

and 2013. This paper noted that crude oil prices Granger-caused both energy consumption and 

the level of CO2 emissions in the short and long-run.  

 

Besides the previous papers on China and the U.S., few academic research has been found on 

the other countries of this thesis. Consequently, the following papers explore the effects of 

macroeconomic variables on CO2 emissions, but for different nations.  

 

In a paper by Cetin et al. (2018), the effect of economic growth, energy consumption, trade 

openness, and financial development on CO2 emissions are explored in Turkey between 1960 

and 2013. The researchers applied an ARDL approach and accounted for a structural break in 

their data sample. The results indicated that a positive relationship exists between each of the 

variables and CO2 emissions. The paper also investigated Granger-causality and found that past 

values of economic growth, energy consumption, trade openness, and financial development 

hold predictive power over current CO2 emissions in Turkey. 

 

Similar to the research above, Cosmas et al. (2019) investigated the macroeconomic 

contributors to CO2 emissions in Nigeria between 1981 and 2016. The independent variables 

considered were GDP per capita, energy consumption, and manufacturing output. An ARDL 

model found that GDP per capita had a positive impact on the level of emissions, whereas both 

energy consumption and manufacturing possessed an inverse relationship with the independent 

variable. Remarkable in these findings is the inverse effect of energy consumption on CO2 

emissions. The paper explains these estimates through the success of so-called green bonds in 

Nigeria which are meant to encourage environmentally friendly projects. This highlights the 

potential impact of fiscal incentives to steer investments. 

 



 

[4]: Bi et al. (2019) and Muhafidin (2020) describe in more detail what measure of CO2 emissions 
they are applying. 
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Rambeli et al. (2018) investigated the impact of GDP, yearly electricity production, net trade, 

energy consumption, and oil prices on CO2 emissions for Malaysia between 1980 and 2017 

with the application of an OLS regression. The researchers found positive and significant 

estimates for all of the variables except for the price of oil which affects CO2 emissions 

inversely instead. Out of these variables, GDP, electricity production, and energy consumption 

were found to be the biggest emission contributors in the long-run. 

 

Sari et al. (2009) studied the relationship between CO2 emissions, income, energy 

consumption, and total employment in five OPEC countries (Saudi Arabia, Nigeria, Venezuela, 

Indonesia, and Algeria) between 1971 and 2002. The ARDL approach was applied together 

with a test for cointegration. Results showed that cointegration was not present in any of the 

countries except for Saudi Arabia. Interestingly, the paper argues in its conclusions that none 

of the OPEC countries require a slowdown in economic growth to decrease their CO2 emission 

levels.  

 

Muhafidin (2020) was the only paper found to include interest rate as a contributing factor to 

CO2 emissions. In this article, the impact of both fiscal and monetary policy on CO2 emissions 

in Indonesia is considered while accounting for variables such as GDP, interest rate, and the 

exchange rate. Results showed that interest rate together with both GDP and exchange rate had 

a positive impact on the level of CO2 emissions. The Granger-causality analysis further showed 

that a bidirectional relationship was found for all three variables with CO2 emissions, 

suggesting Granger-causality existed both ways.  

 

From the literature review, past research is found to be lacking in several aspects. Foremost, 

the proxy for sustainability, i.e. CO2 emissions, is never well-explained. For example, 

researchers don’t outline whether emissions are measured in total or per capita terms. 

Moreover, the data source and nuances of CO2 emissions are omitted from most of the papers 

in the literature review[4], thus raising immediate questions regarding the validity of the 

subsequent conclusions. A second limit is that few analyses have been conducted on developed 

economies utilizing comparable datasets. As such, any potential generalizability of the findings 

to more general economic theory is lost. As a final note, this thesis underlines that the majority 

of these papers are by no means well-established and are often lacking in terms of their 

econometric approach, i.e. their model and the applied statistical tests.
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With regards to these topics, this thesis strives to extend the current academic framework. As 

previously introduced, this thesis will apply an econometric analysis on a long time period of 

developed economies. This will allow a later discussion (see chapter 6) to explore differences 

between countries and among economic periods. Moreover, the relevance of CO2 emissions 

and the establishment of an effective proxy for environmental degradation with a correct 

allocation of emissions based on territory and trade will be outlined further in section 4.1 which 

describes the data of this thesis. Overall, these highlighted gaps in the academic literature 

highlight the necessity for this thesis’ research and econometric approach. 

 

 

 

 

 



 

[5]: See for example, Kraft et al. (1978), Canadell et al. (2007), Davis and Caldeira (2010), and 
Nwani (2017), who all provide a positive link between general economic activity, measured 
through aggregate demand, GDP, and (energy) consumption, and CO2 emissions. 
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3. Theory and Hypotheses 

 

As established in the literature review, there are few well-established academic papers that 

explore how the independent variables of this thesis affect CO2 emissions. Consequently, part 

of this thesis’ relevance builds on comparing the findings from a broad data sample, based on 

general economic theory, the different countries, and the developments over a long time period. 

Through general economic theory, this thesis will explore several potential transmission 

channels through which the independent variables may influence CO2 emissions. These 

transmission channels will build towards four hypothesized relationships (one for each 

independent variable), which aim to steer the econometric analysis. Since the purpose of these 

hypotheses is to provide a point of comparison for subsequent results, a singular linear effect 

is assumed per explanatory variable. Noteworthy, this thesis acknowledges a priori that these 

relationships may differ per country and time period, thus are meant as simple assumptions to 

guide a further discussion in chapter 6. Furthermore, in the subsequent chapter of this thesis, 

describing the data, more precise definitions are given to each of the variable (e.g. a specific 

benchmark or a per capita adjustment).  

 

3.1 Link between Aggregate Demand and CO2 Emissions 
An important underlying assumption in the following theory section (and throughout the rest 

of the thesis) lies between CO2 emissions and overall aggregate demand. Since conventional 

economic theory linking the independent variables directly to CO2 emissions is lacking, 

transmission channels through the components of aggregate demand, general economic 

activity, and fuel consumption specifically are sought. As described in the literature review, 

there is empirical evidence to connect these macroeconomic factors to CO2 emissions, 

suggesting a positive relationship[5]. As an example, if economic theory suggests that lower oil 

prices result in more (fuel) consumption, its effects are expected to transfer similarly to this 

thesis’ dependent variable, i.e. greater CO2 emissions. Lastly, it is worth noting that this thesis 

will hypothesize the overall sign of the relationships rather than their estimate size. 
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3.2 Hypothesis 1 – GDP and CO2 Emissions  

This thesis hypothesizes a positive relationship between GDP and CO2 emissions. Intuitively, 

this seems reasonable since per capita income contributes to increased levels of both production 

and consumption and thus higher quantities of pollution. This relationship has been studied by 

several authors who found empirical evidence in support, see for example Tucker (1995) and 

Sharma (2011). This thesis argues that as GDP increases, production processes require more 

resources while subsequent waste and pollution levels rise. Consequently, the link between 

GDP growth and accumulating CO2 emissions appears clear.  

 

Nonetheless, economic theorists have criticized this otherwise simple logic. Namely, the 

Environmental Kuznets Curve (EKC) theory, proposed by (Grossman & Krueger, 1991), 

connects economic growth and environmental degradation based on the (starting) value of 

GDP. This increasingly popular theory suggests that at higher rates of per capita income, an 

increase to GDP will reduce emissions (such as CO2), while a positive relationship is 

anticipated at lower levels. To illustrate, in the earlier phases of a country’s development, when 

transforming from an agricultural to an industrial society, both income and environmental 

degradation are expected to rise. However, at a certain turning-point, the EKC theory reasons 

that countries become sufficiently wealthy to afford greener technological innovations and 

consumption choices. Consequently, a reversed U-shaped graph is predicted between income 

on the x-axis and pollution on the y-axis, where an inverse relationship takes over for countries 

with higher levels of per capita income (Gross & Krueger, 1991). In a similar approach, the 

exhaustible resource theory may influence the rate of pollution associated with economic 

growth. This reasoning suggests that any finite resource, such as oil, will inevitably suffer from 

increasing marginal extraction costs in the long-run as its global reserves decline (Solow et al., 

1974). Subsequently, as exhaustible resources become scarcer, countries may be forced to shift 

towards more sustainable or innovative production processes. Noteworthy, even if extraction 

costs do not increase, societies may still feel inclined to seek alternatives to finite (energy) 

resources due to depleting reserves and social pressures. Since renewable energy projects are 

particularly capital-intensive (Eyraud et. al., 2011), the transition may only be available to 

higher income nations, hence providing a similar U-shaped relationship as described by the 

EKC theory.  
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However, this previously described relationship at the core of the EKC theory has been met 

with much academic critique. These limitations are characterized by contradicting empirical 

results. Where some academics outline a relatively precise range at which the relationship 

inverses, e.g. between $3,000 and $10,000 for (Stern, 2004), others emphasize differences per 

emission type or an inability to find conclusive results (Dinda, 2004). An often-cited flaw of 

the EKC theory is well-defined by the Pollution Haven Hypothesis (PHH). This argument 

questions the validity of the turning point to an inverse relationship since it does not account 

for production offshoring or global waste trade (Copeland & Taylor, 2004). Where offshoring 

refers to the concept of moving production to lower (labor) cost countries, the latter describes 

the export of toxic or hazardous wastes, for further treatment or to simply dump, from 

developed countries to emerging economies. Both of these concepts would explain how higher 

income countries may report an inverse relationship between economic growth and pollution. 

From a broader macroeconomic understanding, this offshoring of pollution may be attributable 

to the rise of globalization. As trade between countries develops, businesses are inclined to 

seek location-based advantages, such as lower labor costs or favorable regulatory conditions 

(Dunning, 1980). From this perspective, it seems reasonable that economic growth in 

developed economies is more service-based and relies more on endogenous factors, for 

example human capital and technological innovations. Oppositely, economic development in 

emerging economies is likely reliant on manufacturing and foreign investments, which are 

based on perceived economic efficiencies for investors, rather than environmental efficiencies, 

i.e. lower costs versus reduced emissions. Therefore, the critique on the EKC theory, namely 

total (global) emissions will not decrease when high per capita income countries report 

economic growth, is reasonable.  

 

In conclusion, since this thesis agrees with the described gap in the EKC theory, it becomes 

relevant to explore CO2 emissions from a perspective which accounts for pollution offshoring. 

After adjusting for these emissions, the previously hypothesized positive relationship remains 

logical. Therefore, this thesis proposes the following hypothesis on the relationship between 

GDP and CO2 emissions to steer its analysis: 

 

(2) H1: An increase to GDP is, on average, expected to result in an increase in CO2 

emissions. 

  



 

[6]: Similarly, Mork (1989) also argued for the negative effects of an oil price increase and 
concluded that these Hamilton’s interpretations were not only valid for his data, but instead 
applicable on the overall macroeconomy. 

[7]: The references to support these assumed transmissions channels are provided in-text in the 
following paragraphs.  
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3.3 Hypothesis 2 – Crude Oil Prices on CO2 Emissions  

The assumed transmission channel connecting oil prices to CO2 emissions runs through fuel 

consumption and disposable income. This thesis hypothesizes an inverse relationship between 

the price of oil and CO2 emissions. The influences of oil price fluctuations on the 

macroeconomy and the level of economic activity have been widely studied within literature 

in the past. In a famous paper by Hamilton from 1983, the effects of oil price shocks on the 

American economy are considered. Hamilton found that increases to the oil price contributed 

to lowered economic activity and that oil price shocks occurred prior to all but one of the U.S. 

recessions since the Second World War (Hamilton, 1983)[6]. Several channels exist through 

which oil prices are hypothesized to affect aggregate demand and subsequent CO2 emissions[7]. 

Foremost, oil prices are assumed to have an inflationary effect on goods and services, e.g. the 

price of energy, transportation, and food. These developments reduce disposable income, 

resulting in decreased overall consumption and lower CO2 emissions. Secondly, higher oil 

prices are anticipated to directly influence fuel consumption through the price elasticity of 

demand for oil and the availability of (potentially cleaner) substitutes. Lastly, certain 

(industrial) processes require oil as an essential, i.e. difficult to substitute, input factor. As the 

price of oil increases and its availability diminishes, overall output is hypothesized to decrease, 

thus resulting in lower CO2 emissions. 

 
A first transmission channel through which the price of oil affect CO2 emissions entails its 

impact on household disposable income. As oil prices increases, certain goods and services 

necessary for everyday life become more expensive. However, since demand for these goods 

is expected to be somewhat constant, i.e. less responsive to price changes, higher costs will 

only decrease disposable income available for other expenditures (Bjørnland, 2009). 

Additionally, increases to the price of oil may cause households and firms to postpone big-

ticket purchases. Namely, after an oil price shock, consumer uncertainty rises regarding the 

future price and availability of oil-related products. This doubt suppresses current period 

household consumption and firm investments (Bernanke, 1983; Hamilton, 2003).  

 



 

[8]: This has also been argued by Hamilton (2013). 
[9]:  See section 3.2 for a more elaborate explanation of the effect of exhaustible resources.  
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In addition to the previous argument, oil prices are anticipated to influence CO2 emissions 

through fuel consumption and the so-called price elasticity of demand for oil. This elasticity 

provides an indication of how demand for oil reacts to a change in its price. Notably, this 

elasticity is affected by factors such as the overall dependency on oil and the availability of 

substitutes (Krugman et al, 2012). Although empirical evidence suggests a limited degree of 

elasticity (Hamilton, 2009; Cooper, 2003), this thesis argues that any non-zero level, i.e. no 

absolute inelasticity, proves that there is a measurable response in demand to price changes. 

This suggests that when prices increase, oil consumption goes down (with subsequent lower 

CO2 emissions). However, energy demand may not simply disappear, but shift towards other 

energy alternatives. This thesis reasons that as the price of oil increases, at a certain point, it is 

higher than the price and switching costs of substitution[8]. Moreover, since oil is considered a 

carbon-intensive resource, switching to alternative energy sources may reduce CO2 emissions. 

Consequently, this transmission channel adds to the proposed inverse relationship between oil 

prices and CO2 emissions.  

 

As a third transmission channel, this thesis emphasizes that not all consumption of oil is 

substitutable, which highlights the ongoing relevance of oil in the economy. For example, oil 

is still a critical input factor in production processes ranging from plastic to sanitary and 

medical items (EIA, n.d.). Furthermore, oil is an irreplaceable component in the global 

transportation of goods and people. This transportation sector was the largest contributor to 

greenhouse gas emissions for the U.S. in 2018. To further emphasize the relevance of oil, 

Mehra and Petersen (2005) apply a simplified economic model and argue that oil and capital 

are complementary input factors in production. In other words, it is not possible to compensate 

for a lack of oil with an abundance of capital or vice versa. Consequently, when oil prices rise, 

an economy’s production capacity is expected to decline. This thesis assumes a similar 

transmission channel to reduced CO2 emissions. Therefore, the relationship between oil prices 

and CO2 emissions may rely on oil’s overall availability. The availability and price of oil are 

highly interlinked. Firstly, the production of crude oil is in the hands of a few countries which 

possess the means and natural resources to extract it (EIA, n.d.). Subsequently, these countries 

influence oil prices through a shifting supply and availability (either on purpose or due to 

sociopolitical incidents in the region). Moreover, oil is considered a finite resource and is 

therefore affected by rising extraction costs (Bull, 2001)[9]. 
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Although much of these developments may be offset by technological innovations and newly 

discovered sources, it seems likely that a diminishing availability of oil in the long-run is linked 

to greater costs and subsequent higher oil prices. Lastly, from a demand perspective, emerging 

markets have become increasingly active in their consumption of oil. These emerging 

economies are arguably largely responsible for the total demand increase for oil in the period 

between 2005 and 2010 (Hamilton, 2013). Therefore, with a finite supply, the price of oil may 

increase due to a growing demand from developing economies. Overall, these arguments state 

that a rising oil price is likely linked to a decreased availability of oil. Since oil is an input 

factor for production processes which is difficult to substitute, this thesis reasons that higher 

oil prices may simply correlate with lower (economic) output. Consequently, this element 

further emphasizes the hypothesized inverse relationship between oil prices and CO2 

emissions.  

 

In summary, the previously established theories suggest an inverse relationship between crude 

oil prices and CO2 emissions. Although this section mostly explores a singular perspective on 

this relationship, this thesis acknowledges that critiques on these theories and nuances between 

countries, based on oil dependency, subsidized energy alternatives, and available alternatives, 

exist. These distinguishing factors are discussed further in section 6.5. Consequently, this thesis 

formulates the following hypothesis to steer its econometric analysis: 

 

(3) H2: An increase to crude oil prices is, on average, expected to result in a decrease in 

CO2 emissions. 

 

 

 



 

[10]: An example of the severity of deflation is found in Japan. Since the 1990s, Japan has been 
struggling with deflation or extremely low levels of inflation which has caused aggregate 
demand to slow down (Ahearne et., al. 2002). 
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3.4 Hypothesis 3 – Growth Rate of CPI on CO2 Emissions 

The third hypothesis assumes a positive relationship between the growth rate of inflation, i.e. 

CPI, and CO2 emissions. This effect materializes through consumer confidence and 

consumption as transmission channels. As introduced previously, the annual change in CPI is 

argued to not solely influence aggregate demand directly, but also represent consumer 

confidence. To illustrate, when the growth rate of CPI increases, consumer confidence rises, 

and aggregate demand is spurred with subsequent higher CO2 emissions. 
 

The first link between CPI and aggregate demand is based on the assumption that rising price 

levels are considered a stimulating factor which drives consumption. As such, inflation is often 

considered a good, or even necessary, component of economic development. This expectation 

is in line with the anticipated effects of inflation targeting pursued by central banks. This logic 

implies that as price levels increase, households and companies are driven to consume now 

rather than at a later point, since they anticipate prices to increase in the future. This link, 

between inflation expectations (regarding higher prices ahead) and aggregate demand has been 

studied frequently in the past, see for example Blanchard et al. (2010; 2013). The general 

consensus suggests that when households are expecting prices to increase in the future, they 

substitute future expenditures (i.e. savings) with consumption now. Similarly, Keynes (1936) 

argued that some degree of inflation is said to prevent “the paradox of thrift”, i.e. it counters 

the postponement of consumption[10]. When consumers postpone spending, businesses lose 

income and may be forced to fire employees, which leads to subsequent consumer pessimism 

and economic stagnation (further putting a downward pressure on aggregate demand).  
 

Despite the negative influences of deflation, the hypothesized effect is highly dependent on the 

overall level of inflation, where very high growth rates of CPI (often referred to as 

hyperinflation) are also considered a harmful influence on aggregate demand. Examples of 

such forms of inflation can be found in Germany in the 1920s or more recently in Zimbabwe 

and Venezuela, which have led to considerable declines in economic prosperity. Similarly, 

periods of high price fluctuations are often associated with uncertainty among consumers 

(Desroches et al., 2002). These dependencies on the starting level and volatility of CPI, i.e. 

non-linearities, are discussed further in section 6.6 but are not taken into account in the 

formulation of this linear hypothesis. Therefore, it is argued that as the growth rate of inflation 

increases, current period demand is stimulated which leads to higher CO2 emissions. 
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In addition to this rational approach to future price increases (i.e. consume now to avoid higher 

prices ahead), the rate of CPI growth is expected to influence aggregate demand and subsequent 

CO2 emissions through consumer confidence. This relationship has been the focus of much 

economic research in the past, with an early contribution by Keynes (1936) discussing animal 

spirits, introduced by Keynes in 1936, to a broad range of studies exploring consumer sentiment 

and economic activity. According to economic theory, the interaction between rising price 

levels and consumer sentiment is part of the expansionary phase of the business cycle. This 

argument states that an economy in its boom is characterized by rising levels of employment, 

greater per capita income, and improved levels of consumer optimism with subsequent 

increases to aggregate demand and CPI (Schumpeter, 1954). Similar logic applies to different 

phases of the business cycle. As the overall economy slows down or shrinks in its peak and 

contraction phases respectively, consumer sentiment is expected to turn, employment rates 

drop, and the annual change of inflation decreases (note, this is not the same as deflation). 

Consequently, the positive link between the growth rate of CPI and consumer confidence is 

reasonable to assume.  

 

As outlined previously, much of this theory relates to Keynes (1936) and his well-known 

animal spirits, which describe a more behavioral, sometimes referred to as irrational, side to 

consumption. According to Keynes, these psychological factors are not fully explained by 

macroeconomic conditions yet influence consumer spending and households’ decisions. This 

consumer sentiment and their subsequent expenditures may be caused by spontaneous 

optimism from moral, cultural, or economic developments rather than a rational process 

(Keynes, 1936). More recent research by Akerlof and Schiller (2010) further highlights 

consumer sentiment as an underlying contributor behind fluctuations in several 

macroeconomic variables, since they represent general interpretations of optimism and 

pessimism among consumers. Therefore, consumer sentiment may be a valid predictor of 

consumption. When households feel confident about the future and trust that good economic 

times lay ahead, they are more likely to consume (especially durable goods such as cars, 

houses, and other expensive products). Therefore, this thesis reasons that the link between the 

growth rate of inflation and consumer sentiment, through their correlation in the business cycle, 

and their subsequent effect on aggregate demand results in the positive relationship between 

the annual change of CPI and CO2 emissions. 
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All in all, the influences of the growth rate of CPI on CO2 emissions have been discussed along 

two simultaneous effects. Foremost, in line with an assumption of reasonably rational 

consumers, aggregate demand in the current period is hypothesized to increase when future 

prices are expected to rise. Additionally, in periods of developing price levels during expanding 

or contracting phases of the business cycle, consumer sentiment is expected to coincide with 

the growth rate of inflation. Subsequently, this suggests a second transmission channel through 

which rising price levels signal greater consumer optimism, thus positively affecting 

consumption. Therefore, the hypothesized relationship between the growth rate of CPI and CO2 

emissions is defined as follows: 

 

(4) H3: An increase to the growth rate of CPI is, on average, expected to result in an 

increase in CO2 emissions. 

 

 



 

[11]: Conventional economic theory suggests that central banks affect investments and private 
consumption by adjusting the cost of capital (ECB, n.d.). 
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3.5 Hypothesis 4 – Nominal Interest Rates on CO2 Emissions  

Lastly, this thesis hypothesizes an inverse relationship between nominal interest rates and CO2 

emissions through aggregate demand as a transmission channel. The argument posits that as 

nominal interest rates go down, economic activity is spurred through higher levels of 

consumption and investments, subsequently leading to greater CO2 emissions.  

 

Private consumption accounts for the largest fraction of aggregate demand for goods and 

services and is often much larger than investments. It has been estimated that private 

consumption accounts for roughly 60 percent of total demand in many developed economies 

(World Bank, n.d.). With this in mind, theories on private consumption are important to 

investigate in order to understand the effect of nominal interest rate on economic activity and 

subsequent CO2 emissions. Nonetheless, for the purpose of this hypothesis, the effects of 

nominal interest rates on investment decisions by firms are also deemed relevant, hence both 

theoretical aspects are considered[11].  

 

Within classical economic thinking, one of the most influential theories regarding private 

consumption is the life-cycle hypothesis by Modgliani and Brumberg (1954). In simple terms, 

they argue that consumers base their present consumption not solely on their current 

(disposable) income, but on their total consumption potential, with a longer time horizon and 

a desire to smooth expenditures over time. The paper argues that consumers are likely to 

borrow in times of low-income and save money in times of high-income. Within this regard, 

the relative price of consumption and available income is also reliant on the cost of capital, i.e. 

nominal interest rates. To illustrate, higher nominal interest rates are expected to increase the 

cost of borrowing money and the returns on savings. Relatively speaking, this suggests a higher 

cost for households to consume this period compared to the future. This is based on the 

intertemporal elasticity of substitution between consumption and savings (consumption in 

future periods) (Romer, 2012). In practical terms, when interest rates decrease, consumers 

substitute savings for consumption and may borrow capital against more agreeable terms (e.g. 

to finance a mortgage or another expensive purchase), which is referred to as the substitution 

effect. This suggests that as interest rates decrease, household consumption increases resulting 

in higher CO2 emissions.



 

[12]: Likewise, Antweiler et al. (2001) found that investments into long-term assets, opposed to 
human capital, are inherently pollution increasing, thus adding validity to the assumed 
transmission channel above. 
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A similar assumption is made by central banks with regards to the economic mechanisms 

between interest rates and aggregate demand in their monetary policy (ECB, n.d.; Ireland, 

2010). The main objective of central banks is to achieve a stable inflation rate. This mandate 

is reached by encouraging economic activity, such as household consumption and business 

investments, (which leads to higher price levels) by lowering the nominal interest rates 

available to commercial banks. Likewise, central banks impose higher nominal interest rates 

to dampen consumption. Overall, this thesis assumes the same rationale as central banks with 

regards to the effect of interest rates on aggregate demand and subsequent CO2 emissions. 
 

As outlined previously, nominal interest rates may further affect CO2 emissions through 

investments. A traditional theory connecting interest rates to the level of investments is the 

neoclassical investment theory which highlights the importance of capital costs and overall 

price levels (Jorgenson, 1967). This theory assumes two input factors, labor and capital, where 

the substitution elasticity equals one. This indicates that the model assumes that one unit of 

capital can be replaced by one unit of labor and vice versa. This theory assumes an optimal 

level of capital exists after which firms will no longer invest, referred to as the steady state 

equilibrium. At this point, the marginal cost of capital is equal to the marginal product of 

capital. Put simply, firms will invest until the cost of an additional unit of input (capital) equals 

its marginal returns. Interest rate becomes an important factor here since it represents these 

financing costs, hence when interest rates decrease, the cost of capital goes down and firms 

invest more before reaching their point of equilibrium. This suggests that as nominal interest 

rates decrease, investments and subsequent CO2 emissions are expected to increase[12].  
 

A similar line of reasoning is found in most investment-related theories. To highlight one, the 

concept of net present value (NPV), which dates back to Fisher’s (1930) concept “the rate of 

return over cost”, is often applied in business economics to determine the profitability of an 

investment or project. More concretely, future cash in- and outflows are discounted to a current 

value to determine whether an investment is worth pursuing. Within this calculation, the cost 

of capital and the opportunity costs of not investing, i.e. allowing capital to accumulate interest, 

often influence the investment decision. Consequently, in these NPV calculations, lower 

interest rates will positively affect the NPV of a project, thus allowing more investments to be 

made profitably. As such, a similar rationale is uncovered, namely as the nominal interest rates 

decrease, the NPVs of potential projects increase and more investments are made, with 

subsequent greater CO2 emissions.
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In summary, this thesis outlines two main transmission channels through which nominal 

interest rates affect CO2 emissions. Firstly, a certain degree of rationality is assumed among 

consumers which drives them into spreading their expenditures to maximize total consumption. 

Consequently, as interest rates decrease, households are encouraged to substitute savings 

(future consumption) by spending and borrowing money now. Similar economic mechanisms 

are assumed by central banks in their expansionary efforts. Secondly, lower interest rates are 

expected to stimulate investments by increasing the number of profitable projects. As the 

(marginal) cost of capital decreases, while expected returns remain constant, investments will 

rise. Consequently, through these transmission channels, the hypothesized inverse relationship 

between nominal interest rates and CO2 emissions is as follow: 

 

(5) H4: An increase to nominal interest rate is, on average, expected to result in a decrease 

in CO2 emissions. 

 

 

As a final note of this section, table 3.a provides an overview of the hypothesized relationships 

between the independent variables and CO2 emissions.  

 

 

Table 3.a: Hypothesized relationships for the independent variables on CO2 emissions 

Hypothesis Relationship Sign 

H1 
An increase to GDP is, on average,  
expected to result in an increase in CO2 emissions. + 

H2 An increase to crude oil prices is, on average,  
expected to result in a decrease in CO2 emissions. 

– 

H3 An increase to the growth rate of CPI is, on average,  
expected to result in an increase in CO2 emissions. + 

H4 
An increase to nominal interest rates is, on average,  
expected to result in a decrease in CO2 emissions. – 

Notes: These effects are assumed to be singular at this stage of  
the thesis to steer the econometric analysis.  

 



 

[13]:  See section 5.1 and appendix A for a graphical analysis of the variables.  

[14]: With regards to the sources, the precise tickers and names of each variable are available upon 

request.  
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4. Data 

 

The following section aims to explore the sources, quality, and calculations used to derive each 

of the variables in this thesis. An emphasis is given to CO2 emissions as the dependent variable. 

Moreover, in addition to the arguments provided in the introduction, descriptive statistics are 

calculated for each time series, which strive to give a general impression of the data[13].  

  

Foremost, several data choices require further explanations. Firstly, in the introduction, this 

thesis selected eight well-developed economies. These are Canada, China, France, Germany, 

Italy, Japan, the United Kingdom, and the U.S., i.e. the G7 plus China. For the time period, this 

thesis has previously outlined that a longer time horizon is preferred. Based on the availability 

of the variables and their data, a long data sample is selected from 1970 to 2017. Furthermore, 

concerning the data frequency, many of the effects are assumed to occur on an intra-year level, 

which suggests that annual data would lose out on valuable movements. Alternatively, since 

monthly data has been found to be limited in its availability (especially for China), this thesis 

opts for quarterly data frequency.  

 

With regards to the data sources, the relevant measures for GDP and CPI have been sourced 

from the Federal Reserve Economic Data (FRED) database. For the crude oil prices and 

nominal interest rates, the benchmark rates have been selected and sourced through 

Bloomberg[14]. The dependent variable, CO2 emissions, has instead been calculated based on 

figures from the Global Carbon Project. Whereas the reliability of the first two sources is well-

established, this thesis underlines that the data from the Global Carbon Project is used by 

institutions such as the World Bank (n.d.) and the Our World in Data organization (Ritchie & 

Roser, 2017). Each of these variables and their adjustments are discussed more in-depth in their 

respective sections.  
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Prior to further explanations for each of the variables, the distinction between logarithmic and 

non-logarithmic values is addressed. Three out of the five variables are reported in natural 

logarithms, whereas the remaining two are in their normal values. Analyzing variables in 

natural logarithms holds several advantages. Foremost, a fixed difference in natural logarithms 

always corresponds to the same percentile change, i.e. a 0.5 logarithmic increase equals an 

approximate 65% rise in its normal, underlying value. Consequently, when researchers are 

interested in the relative rather than the absolute change, for example to benefit comparability 

between datasets with different ‘starting points’, natural logarithms are preferred. Moreover, 

the effect of one natural logarithm on another can be interpreted as the percentile change in the 

dependent variable after an x percentage increase in the independent variable, i.e. an elasticity. 

Noteworthy, utilizing a combination of logarithmic and non-logarithmic variables does not 

hinder any inference.  

 

As a final note, the decisions in remaining parts of this thesis build on a combination of 

economic reasoning, past academic findings, and statistical evidence. This approach ensures 

well-founded choices and steers the econometric analysis towards valid results.  
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4.1 CO2 Emissions 

As first mentioned in the introduction, much of the academic relevance of this thesis lies in its 

dependent variable, CO2 emissions. However, what should and should not be accounted for in 

CO2 emissions is not particularly straight forward. Namely, CO2 emissions are constantly 

released into the atmosphere through forest fires, volcanic eruptions, or through caches of 

carbon which were previously frozen in glacial ice (NASA, n.d.b). Although each of these 

disasters may be attributable to global warming, it seems unreasonable to allocate these 

emissions solely based on where they occur. Therefore, a more directly influenced measure for 

CO2 emissions is required. This thesis argues for the use of CO2 emissions from (fossil) fuel 

consumption. According to the EIA (2020), approximately 75% of the U.S. total CO2 emissions 

can be linked directly to the burning of fossil fuels. A second important aspect of CO2 output 

in this thesis distinguishes between consumption- and territory-based emissions. The territory-

based measure is the more traditional variant which solely explores domestic consumption of 

fossil fuels. However, it seems logical that this provides an incomplete picture due to the 

inherent nature of globalization and international trade. Whereas some economies are 

characterized by fuel-intensive manufacturing industries, other nations are more reliant on 

services. Therefore, this thesis emphasizes the importance of consumption-based CO2 

emissions as outlined by Peters et al. (2012) and subsequently implemented by the Global 

Carbon Project in their annual report on global emissions. The conclusions drawn by the Global 

Carbon Project and Peters et al. (2012) are best illustrated through one of their graphics (see 

figure 4.a), which visualizes the effects of offshoring fuel-intensive manufacturing processes. 

 

Figure 4.a: A comparison between territorial- and consumption-based CO2 emissions. 

Sourced from the Global Carbon Project (2019), based on the research by Peters et al. (2012) 

 

 

 

 

 

 

 

 

 



 

[15]: This thesis acknowledges that this a heavy assumption. However, this choice is preferred over 
applying annual data or a simple divide by four, which is an oversimplification of reality and 
thus loses out of important information. 
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As argued previously and seen in figure 4.a, it becomes clear that a consumption-based measure 

for CO2 emissions (from fuel) is important to draw an honest picture. However, an issue arises 

within this regard, namely the Global Carbon Project reports its figures on emissions from fuel 

consumption on an annual basis. To generate quarterly data, this thesis choses to apply the 

findings by Rotty (1987) on the U.S. monthly distribution of gaseous, solid, and liquid fuel 

consumption. This causes a seasonal pattern per fuel type, which is assumed to be consistent 

throughout the scope of this thesis, i.e. across the entire period and for all countries[15]. These 

fuel types are assumed to coincide with the categories in this thesis, i.e. gas, coal, and oil. 

Seasonality is a common feature in macroeconomic data and increases the volatility of the data 

since it shows fluctuations between seasons. Moreover, it leads to very high reported model 

fits (adjusted R2) when incorporating lagged values of the dependent variable. These lagged 

values hold a large degree of explanatory power due to the consistent up-and-down movement, 

i.e. the seasonal pattern. Despite these implications, this thesis argues that this approach, 

opposed to alternative methods to derive quarterly data, remains the most appropriate method 

because it is the closest approximation of reality. The interpretability of the econometric results 

is addressed further in section 5.13.1. Since the Global Carbon Project reports their data by fuel 

category, this provides a constantly shifting degree of seasonality as the fuel distribution 

(between gas, coal, and oil) shifts over time and among countries. These developments are 

shown for the U.S. in figure 4.b.  
 

Figure 4.b: United Kingdom’s fuel distribution (gas, coals, and oil) as a percentage of  

total emissions from consumption between 1970 and 2017 

 
Notes: Plot is created by authors of this thesis, based on CO2 emissions per fuel type  

 after imposing a quarterly distribution (see Rotty (1987)) 
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With regards to the United Kingdom (and the fuel decomposition on the previous page), total 

consumption-based CO2 emissions decreased by over 50% between 1970 and 2017. From the 

fuel decomposition, it becomes clear that this large reduction may be (partly) due to a shift 

from coal, with a high carbon footprint per Kw/h of energy (Hong & Slatick, 1994), to a more 

sustainable alternative, namely gas. This transition boasts a respective shift from 54% to 10% 

and from 4% to 42% in the decomposition in the same period that total CO2 emissions dropped 

so significantly. In the econometric analysis and subsequent discussion, this thesis will 

occasionally refer to fuel decomposition shifts, (household) consumption, the price elasticity 

of demand, production offshoring, and technological innovations as possible transmission 

channels between the independent variables and CO2 emissions. 

 
In addition to the previous calculation to derive quarterly, consumption-based CO2 emissions 

per country, this thesis expects misleading effects due to population growth. Therefore, a more 

appropriate measure is defined in per capita terms. These population figures are sourced from 

the United Nation’s databank on population (2018). Lastly, since this thesis is interested in the 

relative change of CO2 emissions compared to previous periods, a logarithmic value is 

calculated. Consequently, the dependent variable for this analysis becomes the natural 

logarithm of CO2 emissions per capita (henceforth CO2). The data statistics for this measure 

are summarized in the following table.  

 
 

Table 4.c: Descriptive statistics of CO2 for all countries, full dataset 

CO2. Min Max Mean Std. Dev. Number of Obs. 
China -0.730 0.626 -0.035 0.455 112 

Canada 1.243 1.687 1.443 0.104 172 
France 0.225 0.985 0.598 0.178 192 

Germany 0.810 1.191 1.085 0.136 192 
Italy 0.261 0.902 0.558 0.149 192 

Japan 0.562 1.051 0.793 0.126 192 
United Kingdom 0.251 1.159 0.857 0.189 192 

U.S. 1.325 1.833 1.592 0.107 188 
Notes: Results computed from a dataset of natural logarithms of CO2 emissions per capita.  

Calculation are applied on figures from the Global Carbon Project (2020) on consumption-based CO2 
emissions and the United Nations (2018) population resources.  
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4.2 Gross Domestic Product (GDP)  
The first macroeconomic explanatory variable is GDP. Similar to CO2 emission, GDP’s 

unadjusted value suffers from distorting effects. Foremost, in light of the EKC theory 

introduced in earlier sections, this thesis aims to explore the relationship between economic 

developments and CO2 emissions, which may be reliant on the starting level of GDP. 

Consequently, GDP growth is an inferior variable. Secondly, a measure for GDP is chosen 

from the FRED which corrects for price level changes (real), for seasonal fluctuations 

(seasonally adjusted), and for purchasing power between countries, i.e. purchasing power 

parity (PPP). Whereas, the first and second adjustments avoid the distorting effects of inflation 

and an uneven annual distribution (seasons) on GDP levels, the latter allows for more 

appropriate comparisons between countries. Next, to counteract the influences of rising (or 

falling) population numbers and ensure comparability between different-sized countries, the 

U.N. population statistics are applied to calculate a per capita value. Lastly, this thesis argues 

that the relative change in GDP is more appropriate than the absolute change (for similar 

compatibility reasons), thus a logarithmic variable is calculated. Therefore, the first 

independent variable of this thesis’ model is the natural logarithm of real, seasonally adjusted 

GDP per capita, in PPP (henceforth GDP). 

  

Next, GDP is assessed from a statistical model fit perspective. As intuition would suggest, 

GDP holds a strong linear relationship with CO2. Within the linear model, which is discussed 

further in section 5.2, the model fit (adjusted R2) improves after adding GDP for each of the 

eight countries. As such, GDP is seen as a valuable addition to the econometric model. Plotting 

GDP shows a clear upward trajectory with dips during recessions (see section 5.1). To explore 

the effects of GDP on CO2, an econometric approach is required which accounts for underlying 

trends and the influences of other variables. Lastly, some of the data parameters are outlined 

in table 4.d on the next page.  
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Table 4.d: Descriptive statistics of GDP for all countries, full dataset 

GDP Min Max Mean Std. Dev. Number of Obs. 
China 4.214 7.779 6.019 1.101 112 

Canada 8.719 9.341 9.081 0.178 172 
France 8.527 9.302 9.008 0.220 192 

Germany 8.057 9.433 9.054 0.251 192 
Italy 8.487 9.250 8.986 0.225 192 

Japan 8.257 9.251 8.902 0.296 192 
United Kingdom 8.396 9.290 8.916 0.277 192 

U.S. 8.745 9.599 9.227 0.257 188 
Notes: Results computed from a dataset of natural logarithms of real, seasonally adjusted GDP per 
capita, in PPP. Calculations are applied on figures from the FRED and the United Nations (2018) 

population resources.  
 
 

4.3 Crude Oil Prices 

As described previously, an important input factor for many manufacturing processes is oil. 

Furthermore, there is an intuitive link between oil, fuel consumption, and CO2 emissions. 

Consequently, the price of oil is a logical inclusion for a model investigating CO2. In line with 

Gali and Blanchard (2007) and Baumeister and Kilian (2016), this thesis chooses the West 

Texas Intermediate (WTI) as the benchmark for crude oil prices. Since this benchmark is 

considered a universal measure for the price of oil, this variable is the same for each country. 

Furthermore, to counter the distorting effects of rising price levels, the real oil price is 

considered. This real WTI crude oil price has been found available on Bloomberg on a quarterly 

basis, spanning the full time series from 1970 to 2017. Lastly, the natural logarithm of this 

variable is preferred due to an interest in relative over absolute change and the subsequent 

ability to interpret the effects of oil prices on CO2 emissions as an elasticity. Consequently, the 

second explanatory variable of this thesis is the natural logarithm of real crude WTI oil prices 

(henceforth OIL). 
 

Similar to GDP, the adjusted R2 of a linear model with and without OIL is compared to 

establish statistical relevance. For each of the eight countries, the model fit improved after 

adding these crude oil prices, thus suggesting that the addition of OIL improves the overall 

econometric model. A graphical visualization of crude oil prices whilst discussing relevant 

macroeconomic events is given in section 5.1. Lastly, a summary of the descriptive statistics 

for OIL is provided in table 4.e. 
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Table 4.e: Descriptive statistics of OIL for all countries, full dataset 

OIL Min Max Mean Std. Dev. Number of Obs. 
China 2.984 5.017 3.975 0.495 112 

Canada 2.984 5.017 4.026 0.461 172 
France 2.984 5.017 3.949 0.505 192 

Germany 2.984 5.017 3.949 0.505 192 
Italy 2.984 5.017 3.949 0.505 192 

Japan 2.984 5.017 3.949 0.505 192 
United Kingdom 2.984 5.017 3.949 0.505 192 

U.S. 2.984 5.017 3.967 0.495 188 
Notes: Results computed from a dataset of natural logarithms of real crude WTI oil prices. 

Calculations are applied on figures from the FRED and the United Nations (2018) population 
resources. Since all countries use the same dataset for OIL, differences are solely due to sample size. 

 
 

4.4 Growth Rate of CPI 
The following independent variable explores the price level. As discussed in the introduction, 

the growth rate of CPI provides an insight into the overall economic stability based on its 

volatility, it correlates with general consumer sentiment, and the speed at which prices develop 

is directly linked to the current phase of the business cycle. Due to this thesis’ quarterly 

frequency, an annualized rate of inflation is chosen as a reasonable measure for the price level. 

After this adjustment, the variable measures the change in prices compared to the same period 

last year, in percentages, thus eliminating any potential seasonality. Since this annual growth 

rate can go negative, logarithmic values are not possible. Therefore, the third independent 

variable of the economic analysis is the annual growth rate of CPI (henceforth CPI). 

 

With regards to the CPI’s statistical relevance, seven out of eight countries report a higher 

adjusted R2 with the independent variable included. Subsequently, this suggests an 

improvement of the econometric model after introducing the annual growth rate of CPI to the 

right-hand side equation. Plotting CPI, see appendix A, shows a tendency across all countries 

of decreasing volatility. In line with the described effects of price uncertainty in the theory and 

hypotheses section, this may affect the relationship between CPI and CO2. Finally, the 

descriptive statistics of CPI are summarized in table 4.f.  
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Table 4.f: Descriptive statistics of CPI for all countries, full dataset 

CPI Min Max Mean Std. Dev. Number of Obs. 
China -2.060 26.900 4.189 5.816 112 

Canada -0.864 12.696 3.859 3.212 172 
France -0.423 15.005 4.305 4.071 192 

Germany -0.923 7.459 2.698 1.924 192 
Italy -0.390 24.693 6.450 5.988 192 

Japan -2.213 23.496 2.670 4.469 192 
United Kingdom 0.300 26.566 5.630 5.381 192 

U.S. -1.623 14.506 4.041 3.002 188 
Notes: Results computed from a dataset of annualized CPI growth rates.  

Calculations are applied on figures from the FRED.  
 
 

4.5 Nominal Interest Rates 

The last independent variable to measure is the central bank’s nominal interest rate. As argued 

previously, nominal interest rates are considered an important monetary policy instrument. As 

such, this variable is considered a proxy for wider monetary strategy. Since the nominal interest 

rate is unique per country (prior to the ECB), this measure is affected by the availability of the 

data. In particular, China’s nominal interest rates are only available from 1990 onwards. This 

is similarly the reason why the Canadian and U.S. datasets start in 1975 and 1971 respectively. 

This thesis chooses the benchmark nominal interest rate (i.e. the rate at which commercial 

banks borrow money from the central bank), which is available from Bloomberg. For France, 

Germany, and Italy, the pre-ECB domestic interest rates are not available from Bloomberg, 

instead they were sourced from the FRED. Lastly, since interest rates can go (and have gone) 

below zero, it is impossible to measure this variable as a natural logarithm. Since no further 

adjustments are made, the final variable remains nominal interest rate (henceforth INT). 
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To emphasize the relevance of INT in the econometric model, the adjusted R2 is compared with 

and without this independent variable. Out of the eight countries, five show higher model fits 

after incorporating nominal interest rates, while for two countries the adjusted R2 decreases 

remains constant. Although sufficient evidence is found to include INT, it is the independent 

variable which appears to contribute the least to the model. From a time series perspective, INT 

shows a considerably volatile period until the 1980s before subsequently settling down (see 

appendix A). A compilation of the data statistics for nominal interest rate, for each of the 

countries, is provided in table 4.g below. Similar to the visual plot, the high volatility of 

nominal interest rates is noticeable by comparing the variance and the mean.  

 

Table 4.g: Descriptive statistics of INT for all countries, full dataset 

INT Min Max Mean Std. Dev. Number of Obs. 
China 2.700 10.440 4.893 2.675 112 

Canada 0.241 19.750 5.923 4.409 172 
France 0.000 15.300 6.128 4.210 192 

Germany 0.000 9.750 4.616 2.809 192 
Italy 0.000 19.000 7.348 5.599 192 

Japan -0.100 9.000 2.730 2.732 192 
United Kingdom 0.250 17.000 7.054 4.476 192 

U.S. 0.250 16.815 5.260 3.842 188 
Notes: Results computed from a dataset of nominal interest rates. Calculations are applied on figures 

from Bloomberg and the FRED (for pre-ECB France, Germany, and Italy).  
 

 

Table 4.h: Summary for variable abbreviations, descriptions, and sources 

Variable Description Source 

CO2 
Natural logarithm of consumption-based CO2 

emissions per capita 
Global Carbon Project, Rotty 

(1987), U.N. Population database 

GDP Natural logarithm of real, seasonally adjusted 
GDP per capita, in PPP 

FRED, U.N. Population database 

OIL Real crude WTI oil prices Bloomberg 
CPI Annualized growth rate of CPI FRED 
INT Nominal interest rates Bloomberg, FRED 

Notes: The descriptions above are a summary of the data section.  
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5. Econometric Analysis 

 

After the model specification, i.e. selecting the relevant independent variables, in the 

introduction and adjusting them to ensure the right aspects of each indicator are explored, this 

thesis moves on to its methodology. Selecting the right econometric model and applying the 

correct statistical tests is important because not doing so contributes to invalid results and 

misleading interpretations. With regards to this thesis, the applied methodology is combined 

with its direct results to formulate an econometric analysis with the intention to provide 

intuitive and natural steps for the reader to follow. Throughout this section, this thesis aims to 

explain all the required statistical steps whilst providing arguments for the given methods. 

Basic interpretations of the results along the way outline how the methodology moves from 

one test to the next. Further analyses and comparisons against earlier mentioned hypotheses 

will be discussed in subsequent chapters. 

 

Throughout the econometric analysis, a level of similarity between the countries is required to 

ensure comparability. For this purpose, the U.S. dataset is used as a reference. Similar to how 

the monthly fuel distribution by Rotty (1987) is applied on every country in the data section, 

the econometric analysis assumes that some U.S. test results are consistent for all datasets. 

However, for most statistical decisions, only the U.S. results are provided in-text, while the 

findings for the other countries are summarized and/or available in the appendix. Furthermore, 

when test results are considered irrelevant for the scope of this analysis, only the U.S. dataset 

is discussed. Imposing the U.S. as a reference country is based on the fact that it is considered 

to be the most influential economy and is often at the forefront of technological developments 

(Forbes, 2018). Moreover, many U.S. economic indicators, such as the nonfarm payroll, the 

FED’s interest rate, and the Conference Board’s consumer confidence index, are used globally 

to evaluate the state of the overall economy (Risager, 2016). Note, although the U.S. results 

may appear most important in the econometric analysis, each model and statistical test is 

applied on all countries. These other results are fundamental to assess the differences between 

countries and are discussed with equal weight in the discussions section following the 

methodology.  

 

For the purpose of this econometric analysis, the statistical software package used was R Studio 

for Mac, version 3.6.2. 
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5.1 Graphical Analysis 

Some of the key characteristics of the different data series was assessed through the descriptive 

statistics in the data section. This graphical analysis aims to add to this understanding of the 

variables. Examining these graphs allows for a basic interpretation of sudden shifts, events, co-

movements, and noteworthy patterns in the data.  
 

Figure 5.a: Historical development U.S. dataset 

 
Notes: The y-axis is a normal numerical scale that is interpretable as is. For Ln variables, apply 𝑒" for 

normal values.  The x-axis shows the total time period. Plot is generated through ggplot() function. 
 

In the plot above, certain elements stand out. Namely, both CPI and nominal interest rates 

undergo heavy volatility and co-movement in the first half of the dataset, to settle down from 

the mid-1980s onwards. Similar movements are found for other countries during the same 

period (see appendix A). Noteworthy, these developments coincide with certain historic 

periods, shifts, and crises. To mention a few, the rise in OIL, CPI, and INT in 1973 and 1979 

are due to the oil crises following the Yom Kippur war and Iranian Revolution in the same 

years (Gali & Blanchard, 2007). The subsequent decline in CPI and INT in the U.S. is often 

associated with the election of Paul Volcker to head the Federal Reserve in 1979 and his goal 

to dampen inflation rates, sometimes referred to as the start of the Volcker Era (Goodfriend, 

2007). Similar periods are found for all other countries. Lastly, the U.S. recessions in the early 

1980s, early 1990s, and the Great Recessions in 2007 are observable in OIL, CPI, INT, and 

GDP (see figure 5.a).  
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Moreover, as introduced in the data section, the plots above show a clear seasonal pattern for 

the dependent variable CO2, i.e. it shows a certain annual dependence. The consequences of 

this seasonality will be touched upon in later sections. Lastly, due to their natural logarithms, 

OIL, GDP, and CO2 appear more stable, but this is mainly due to the scaling of the y-axis. To 

illustrate, plotting solely the natural logarithm of GDP per capita provides the following graph. 
 

Figure 5.b: Historical development plot U.S. GDP 

 
Notes: The y-axis is a normal numerical scale that is interpretable as is. Since GDP is in Ln, apply 𝑒" 
for normal values. The x-axis shows the total time period. Plot is generated through ggplot() function. 

 
 

 

 



 

[16]:  The OLS regression results of the remaining countries are excluded since no further inference 
is made and too limit redundancy in the appendix. However, they are available upon request. 

[17]:  See for example Sims (1980), who established the VAR to capture the dynamic aspects of the 
macroeconomy.  
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5.2 Linear Regression 

To confirm the statistical relevance of the selected variables and specifically CO2, this thesis 

applies an OLS regression. Important measures to explore include the adjusted R2, to measure 

the explanatory power of the model, and the number of significant coefficients, which illustrate 

that independent variable x has an influence on dependent variable y. The OLS model is defined 

as follows: 

 

(6) CO2 = Intercept + 𝛽1 * GDP + 𝛽2 * OIL + 𝛽3 * CPI + 𝛽4 * INT + et 

 

Where 𝛽i is the linear coefficient describing the effect of independent variable xi on CO2 

emissions, the intercept represents the value of CO2 emissions with all independent variables 

are zero, and the et is the error term. The results from the regression equation above are 

summarized in appendix B. Although OIL and the CPI both influence CO2 significantly for the 

U.S., it is surprising to see that INT and GDP do not since there is an intuitive link between 

GDP (per capita) and CO2 emissions. The analyses on the other countries show variating 

results, where the same number (Canada) or more significant relationships (all for China, 

Germany, and Japan) can be found[16]. Overall, the findings show that for each subset, a 

majority of the chosen variables have a significant effect on CO2 emissions per capita. 

Consequently, the OLS analysis adds to the previously discussed relevance of CO2 emissions 

in a macroeconomic context and underlines the need for this study. However, the results from 

the OLS regression fail to find evidence for some well-known economic theory, such as 

between GDP and CO2 emissions. The macroeconomy is well-known to be more complex than 

measurable in a simple linear estimation[17]. A common critique for the OLS builds on the 

model’s static nature since it does not account for past values of the dependent variable. This 

suggests that a more dynamic approach which includes lagged values of the dependent (and 

independent variables), such as a vector autoregressive (VAR) model, may be a better fit.  

 

Consequently, after establishing that the chosen variables are relevant from an economic theory 

perspective and after a statistical assessment, this thesis continues by exploring aspects of the 

data which might interfere with the ability to draw valid inference.  



 

[18]:  Further validity for nominal interest rate as the breakpoint determinant builds on Willis et al. 
(2007) and Fujiware (2006). Although their angle on macroeconomic research is different, they 
too apply nominal interest rate as the reference variable to impose a break in their datasets. 
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5.3 Structural Breaks 

From an economic perspective and seen in the previous graphical analysis, it is evident that the 

variables move differently throughout the long time series. Historically, economic events and 

phases like the oil crises in the 1970s, the period of great moderation since the 1980s, the 

implementation of inflation targeting in the early 1990s, the establishment of the European 

Union around 2000 (for the relevant countries), and the financial crisis in 2007 are all expected 

to influence how variables act and interact with each other. From a logical perspective this 

rings true, since variable coefficients are likely to shift when policymakers enact new strategies 

or economic incidents occur. With this in mind, the previously introduced research question 

asked how effects may differ over time. When parameters change throughout the time series, 

statistical procedures may be unable to find coherent results. These types of change are referred 

to as structural breaks. When these structural changes are unaccounted for, econometric models 

may fail to capture important statistical relationships (Hansen, 2001). An example of a paper 

that successfully accounts for a structural strange is found in Hamilton (1983). His work 

explores the relevance of imposing a structural break through an analysis on oil prices and the 

macroeconomy. He found that the estimates grew in size after dividing the data, and thus 

yielded inferior results without the break. This section of the econometric analysis will explore 

whether similar conclusions may be drawn for the U.S. after evaluating evidence which may 

support imposing a structural break.  

  

Within this context, a structural break test aims to divide the dataset into more consistent 

economic periods, thus allowing for more reliable analyses and providing the fundamentals for 

a pre- and post-break data comparison. The first decision encompasses the choice of the 

‘breakpoint determinant’, i.e. the variable on which the decision for a specific structural 

break date for all variables is based. From an econometric modelling perspective, nominal 

interest rate is chosen for this purpose. Due to the variable’s strong change in volatility, as seen 

in previous data plots, it may be particularly effective at pinpointing structural macroeconomic 

transitions. Moreover, nominal interest rate is the most direct policy instrument available to 

central banks, hence is likely to change in response to economic crises or shifts in monetary 

strategy. By choosing this breakpoint determinant, this thesis is not arguing that nominal 

interest rate steers the economy, rather that it is likely an effective proxy to detect economy-

wide structural breaks[18].



 

[19]:  These shifting starting points and sample lengths are observable in figure 5.c for the U.S. and 
for the non-U.S. countries in appendix C. 
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In determining an appropriate breakpoint, this thesis argues for an approach that takes into 

account several aspects. The first criterion prevents any breakpoint (m) to occur within the first 

or last 10% of observations. This requirement is important since some statistical tests require 

a minimum number of observations (Chow, 1960). Next, breaking the data too often may cause 

incomparable data series per country due to different lengths and starting points[19]. Therefore, 

each dataset is assumed to contain a maximum of one breakpoint (m ≤ 1). This thesis aims to 

review the impact of these potential remaining breaks by applying a CUSUM test to assess the 

stability of the pre- and post-break datasets. Thirdly, similar to frameworks discussed by 

Lumsdaine and Stock (1992), Zivot and Andrews (1992), and Perron and Vogelsand (1992), 

this thesis argues for an endogenously determined break date, which is unique for each country. 

While these individual break dates may compromise some comparability because they may not 

occur at the same point in time, the chosen approach accounts for the nuances between nations 

due to sample sizes and the structure of each economy. Lastly, to provide the statistical support 

for the previously outlined breakpoint determinant (nominal interest rate), a standard Chow 

test is applied to each variable, for each country, at their respective breakpoints to confirm that 

a structural change occurs at these specific observations (Chow 1960). 

  

R Studio’s strucchange package (Zeileis, 2019) is applied for this breakpoint estimation. 

Oppositely to the Chow test, this method provides multiple breakpoints endogenously based 

on the best fit (i.e. model accuracy) of the new subsets, measured through the residual sum of 

squares (RSS) or the Bayesian Information Criterion (BIC). In other words, this approach aims 

to provide the most predictable subsets, rather than pinpoint the most severe breakpoint. The 

RSS is calculated by taking the sum of the squares of the residuals in the linear regression. The 

lowest RSS value suggests the best fit since the new regressions (after breaking the data) have 

the smallest deviations between predicted (by the model) and actual (observed) values. The 

BIC, calculable from the RSS, the sample size (n), and the number of parameters (k), shows a 

similarly interpretable number but punishes for additional breaks. Consequently, the optimum 

number of breaks according to the BIC is always the same or less than the one suggested 

through the RSS. Although this test may provide m breakpoints as the optimum, based on its 

lowest RSS or BIC (see appendix C), this thesis solely compares the fit between m = 1 and m 

= 0 (as argued above).  
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Table 5.c: U.S. breakpoint test for INT - dates 

U.S. Breakpoints at date 
m = 1   1991-2   

m = 2   1991-1  2008-1 

m = 3 1978-3 1985-3  2002-2  

m = 4 1978-1 1985-1 1992-1  2008-1 

m = 5 1978-1 1985-1 1992-1 2002-2 2008-3 

 

Table 5.d: U.S. breakpoint test for INT - fit 

U.S. 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 2760.4 1241.0 915.7 661.6 554.7 488.6 
BIC 1049.1 909.3 862.6 812.0 789.3 775.9 

Notes: Results are generated by applying the breakpoints() and summary() function on INT 

 

The results above suggest that the nominal interest rate time series for the U.S contains five 

breaks. However, this thesis assumes m = 1 since the fit of one breakpoint is better than none 

(and the break does not occur in the first or last 10% of observations). Therefore, a single 

structural shift is assumed for the U.S. dataset at observation 82, i.e. 1991-Q2. The breakpoint 

results of the other countries all occur between 1992 and 1998 (see appendix C). This period 

coincides with a general tendency among central banks to pursue price stability-oriented 

strategies, both implicitly and explicitly. With regards to the EU, the European nations were 

subject to certain convergence criteria before joining in the second half of the 1990s, one of 

which directly refers to inflation (European Commission, n.d.a). Subsequently, it appears that 

these countries pursued price stability through monetary instruments, including nominal 

interest rates. Similar strategies were followed by Canada (Bank of Canada, 2005), China 

(Bank for International Settlements, 2017), Japan (Bernanke et al., 2018), and the U.S. 

(Mankiw, 2001) in the same decade. Apart from Canada, which formally adopted inflation 

targeting in 1991, these countries appear to engage in more ‘covert’ strategies aimed at 

stabilizing the highly volatile rate of inflation during the 1970s and 1980s. Therefore, this 

seems to be a period in which all economies transition to a greater degree of overall stability. 

To add validity to these established breaks, the Chow test is applied on each variable, for every 

country, at the endogenously discovered breakpoints to verify that the other time series also 

undergo a structural shift at these dates
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Table 5.e: Chow test results – all U.S. variables 

U.S. 
Chow test, for m =1, at obs = 82  

F-statistic 
GDP 30.83*** 

OIL 13.63*** 

CPI 6.67*** 

INT 55.93*** 

CO2 5.95*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are generated by applying the chow.test() function on all U.S. variables 

 

Results from the Chow tests report that 38 out of 40 variables break at their respective INT 

breaks (see appendix D). Surprisingly, China’s variables do not appear to break consistently at 

its endogenous interest rate break date, i.e. obs. 34. This may be due to the shorter data sample 

available for this country. Overall, these structural break tests provide the foundation for a pre- 

and post-break comparison which is in line with the established research questions. Before the 

structural stability of these new subsets is evaluated (through the previously mentioned 

CUSUM test), a stationarity test is conducted on the new pre- and post-break time series to 

verify that each variable is integrated to the same order (i.e. requires the same number of 

differencing to detrend the data). 



 

[20]:  See for example Enders (2015), who provides numerous examples, such as GDP growth and 
inflation, as non-stationary processes at levels.  
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5.4 Stationarity Testing 

Within econometrics, a stationary time series is often a necessity to generate valid results. A 

stationary process has a constant mean and variance over time, which allows for statistical 

inference (Kwiatkowski et al., 1992). It is common for many macroeconomic variables such 

as interest rates, GDP, and stock prices to be non-stationary since they often tend to be volatile 

with a non-constant mean over time[20]. When a shock occurs to these types of non-stationary 

series, the effects will often remain whereas a stationary time series would eventually return to 

its original mean. In econometrics it is often called that non-stationary series contain a unit root 

and that they are made stationary by removing the trend by taking the first difference. 

Differencing a time series entail computing the difference between two consecutive 

observations (Enders, 2015).  

 

The risk of working with non-stationary data series in statistical analyses is that the acquired 

results might be invalid. When two series contain a stochastic trend and are non-stationary, 

regressing them on each other might result in so-called spurious regressions, characterized by 

a high model fit (adjusted R2) and significant t-statistics, yet these results carry no economic 

meaning (Enders, 2015). However, conditions exist in which non-stationarity among different 

time series is acceptable, namely in the case of cointegration. This concept is introduced further 

in section 5.9. Nonetheless, to conduct any analysis, it is important that each variable is 

integrated of the same order. This number shows how many times a variable’s time series 

requires differencing to remove its trends and thus make it stationary (Enders, 2015). For this 

purpose, the Augmented Dickey Fuller (ADF) test for unit roots is applied to determine this 

order of integration. 

 

5.4.1 Augmented Dickey-Fuller Test 

A common test that is widely used in econometric methodology is the Dickey-Fuller (DF) test 

which was developed in 1979. Its null hypothesis states that the time series contains a unit root 

and is therefore not stationary, while the alternative hypothesis assumes stability in the 

coefficients and a stationary process (Dickey et al., 1979). A considerable weakness of this 

original DF test is that it does not account for autocorrelation, i.e. when a variable is correlated 

with its own lagged values (Enders, 2015). If a variable is autocorrelated, the estimated 

coefficients of the linear regression may be invalid.
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To account for this autocorrelation, the augmented Dickey-Fuller (ADF) test includes several 

past values of the differenced variable to overcome the problem of autocorrelation (Dickey & 

Fuller, 1981). Moreover, this thesis considers the ADF test as the most appropriate test for unit 

roots due to its standing and popularity among academics. With regards to its application, the 

ur.df function in R (Pfaff, n.d.) applies the ADF test on a time series and requires a specification 

on the number of lags to include. Enders (2015) outlines that the frequency of data is a 

reasonable measure to determine the number of lags to include. With regards to this thesis’ 

datasets, this makes lags = 4 appropriate due to the quarterly nature of the data. Including too 

many or too few lags results in an under- or over rejection of the null hypothesis. Lastly, a 

visual inspection of the individual time series forms the basis to determine whether a drift 

component (versus none) is present. As described previously, the ADF approach tests against 

the existence of a unit root. Subsequently, its hypotheses are as follows: 
  

(7) H0: Time series contains a unit root, i.e. non-stationary. 

HA: Time series does not contain a unit root, i.e. stationary. 
 

The results of the ADF tests for each country are listed in appendix E. Noteworthy, Japan’s 

post-break INT and the CPI time series are stationary at levels, i.e. I(0), whilst OIL, GDP, and 

CO2 are I(1). Equally relevant, pre- and post-break GDP and CO2 for China contain unit roots 

after first differencing, suggesting they are I(2).  
 

5.4.2 Deviating Orders of Integration – China and Japan 

China’s alternative orders of integration for both pre- and post-break GDP and CO2 may find 

some explanation in basic calculus. Namely, I(2) suggests that these variables require two 

rounds of differencing before they become a stationary process which may suggest an 

exponential component. Within the context of China’s economic development between 1990 

(the start of its time series) and 2017, this is expected. Since 1979, China has continuously 

implemented policies to open its economy for trade and enact free-market reforms. 

Subsequently, the country has experienced a period of unparalleled growth, a momentum 

described by the World Bank as “the fastest sustained expansion by a major economy in 

history” (2005). This period has been marked by a doubling of China’s GDP every eight years 

and has contributed to the country’s leading role as the “world’s largest economy (on a 

purchasing power parity basis), manufacturer, merchandise trader, and holder of foreign 

exchange reserves” (Morrison, 2018, p. 2). 



 

[21]:  See for example Gambacorta et al. (2014), who argue about the effectiveness of conventional 
and unconventional monetary policy as nominal interest rates reach their natural lower-bound.  

51 

Simultaneously, China’s per capita consumption of energy has seen a similar, exponential 

development since the 1990s (Crompton & Wu, 2005). In the early 2000s, China was already 

the world’s second largest consumer of coal and one of the biggest importers of crude oil. 

These developments have characterized China’s entire economic growth trajectory in the scope 

of this thesis. Consequently, it seems reasonable that the country’s CO2 variable is 

characterized by a similar exponential growth. As such, it becomes unsurprising that China’s 

pre- and post-break datasets, as the only nation of eight, are characterized by GDP and CO2 

which are integrated of the second order. 

 

With regards to Japan, the post-break subset is characterized by two variables which are 

integrated of order zero, namely CPI and INT. Where most of the nominal interest rates move 

towards zero in the post-break datasets, Japan’s rate is near-zero (0.5%) and stays as such from 

1996 onwards, i.e. almost throughout its second dataset. Japan’s price stability (annual growth 

rate of CPI around zero) and their limited monetary instruments to increase prices due to 

already very low interest rates have formed the foundation for numerous academic papers 

(Schenkelberg & Watzka, 2013; Gambacorta et al., 2014). Japan is in this regard rather unique. 

Japan, especially since the 1990s, has faced consistent difficulties to increase price levels, 

whilst the central bank has been somewhat hesitant to increase nominal interest rates for its 

assumed “slowing down” effect on the economy. Moreover, a natural zero lower-bound limits 

their ability to raise price levels[21]. These conditions surrounding the nation’s annual growth 

rate of CPI and nominal interest rate help why two of Japan’s post-break variables are already 

stationary at levels, i.e. I(0).  

 

Based on these findings, China and Japan are considered outliers compared to the remaining 

six countries. Subsequently, they are excluded from further analysis. Moreover, using variables 

that are integrated of different orders also violates the conditions of the VAR model (Enders, 

2015. A further explanation of this exclusion and a discussion of methods to re-specify the 

model to avoid different orders of integration are presented in section 6.1.  



 

[22]:  The remaining 59 OLS-CUSUM plots (one for each variable, per country and time period) are 
available upon request due to space limitations.  
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5.5 Stability of Parameters Testing 

Following the stationarity testing, the stability of the pre- and post-break parameters is assessed 

through an OLS-CUSUM test for structural change. This test evaluates whether a process drifts 

from its mean by calculating the cumulative sum of the one-step ahead forecast OLS residuals 

(Enders, 2015). A time series is assumed to have a near-zero cumulative sum of the residuals 

when no structural change occurs and its coefficients remain constant. The OLS-based 

CUSUM test was chosen because it is better able to detect structural changes at the beginning 

or end of its sample compared to the REC-CUSUM (Ploberger & Krämer, 1992; Zeileis et al., 

2003). Since some breaks might occur early or late in the subsets, e.g. due to the oil crisis of 

1973 or the Asian Financial Crisis, the Dot-Com Bubble, and the establishment of the European 

Union in the 1990s and 2000s, this OLS-CUSUM test is applied. To evaluate the impactfulness 

of the possible remaining breaks, this serves as an appropriate indicator. The OLS-CUSUM 

test evaluates its null of coefficient consistency. When a series breaks the upper- or lower-limit 

of the expected range (90% confidence interval), this hypothesis is rejected in favor of the 

alternative hypothesis of structural change. 

 

Figure 5.f: OLS-CUSUM plot for U.S. pre-break GDP 

 
Confidence interval at 90%, i.e. at 90% certainty of a structural change the null is rejected. 

Notes: Plot is generated by applying the plot() and stability() functions on pre-break U.S. GDP 
 

Outside the example shown above, the remaining OLS-CUSUM results demonstrate that each 

of the variables fluctuates within the 90% confidence interval[22]. Therefore, this thesis fails to 

reject their respective nulls of coefficient consistency. These findings provide the previously 

required evidence of parameter stability in the pre- and post-break datasets. 

 



 

[23]: With regards to the vif() results. For five out of six countries, the factors were below the 
benchmark of 5. For France, a moderate, but acceptable (< 10), degree of multicollinearity is 
found. 
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In addition to the CUSUM test, this thesis emphasizes the close link between some of the 

macroeconomic variables, e.g. nominal interest rate and inflation (CPI), which may cause 

multicollinearity. This multicollinearity may reduce the precision of the estimates and weakens 

the statistical power of the model (i.e. p-values), thus becomes relevant to check for (Enders, 

2015). A variance inflation factor test is applied on the full, pre- and post-break linear models 

for the U.S. through the vif() function (Petrie, n.d.) to assess multicollinearity. The results from 

this test suggest that no serious level of multicollinearity occurs throughout the data sample[23]. 

Since the pre- and post-break subsets of the remaining countries, i.e. Canada, France, Germany, 

Italy, United Kingdom and the U.S., are all proven to be stable, integrated to the same order, 

and are not affected by multicollinearity this thesis continues with its methodology.  
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5.6 Granger-causality Testing 

To establish the relevance of CO2 emissions in a macroeconomic context, in line with the 

previously established research question, this thesis applies a Granger-causality test. The 

Granger-causality test aims to substantiate the predictive effects of the independent variables 

on the dependent variable, CO2 emissions per capita. Causality within statistics differs from 

the more conventional understanding of causality. In his original text, Granger (1969) defines 

causality as follows: “We say that Xt is causing Yt if we are better able to predict Yt using all 

available information than if the information apart from Xt had been used” (p. 428). In other 

words, Granger-causality refers to the degree one variable helps forecast another variable. In 

academics, this application also aims to determine that the overall model is robust and in line 

with common sense, i.e. is Xt expected to help predict Yt (Hamilton, 1983; Enders, 2015)? 

 

Since the granger-causality test requires a stationary series, the causality() function (Pfaff, n.d.) 

is applied on differenced data. According to Granger (1969), applying the test on non-

stationary data may lead to invalid results since (prior to detrending) variable parameters, like 

the variance and mean, are subject to change over time. To add to this argument, Clarke and 

Mirza (2006) found that applying a Granger-causality test on undifferenced data results in an 

over rejection of the null, i.e. conclude that the independent variable helps predict (Granger-

causes) the dependent one.  
 

(8) H0: The value of Yt is not better predicted by the lagged values of Yt and Xt compared 

to solely the lagged values of Yt. 

HA: The value of Yt is better predicted by the lagged values of Yt and t Xt compared to

 solely the lagged values of Yt. 
 

Table 5.g: Granger-causality test results for U.S. on CO2 

U.S. 
Pre-break  Post-Break 

F-statistic 
GDP à CO2     3.767***     4.814*** 
OIL à CO2 1.797  1.978* 
CPI à CO2     2.705***     5.342*** 
INT à CO2     1.721*** 0.558 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are generated by applying the causality() function on CO2 and one of the independent 

variables. Cause is set to the explanatory variable (i.e. GDP, OIL, CPI, or INT). 
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From the results on the previous page, past values of INT do not hold any value in predicting 

the current value of CO2 in the U.S. compared to solely including the lagged values of CO2. 

This holds true for both pre- and post-break subsets. Moreover, OIL shifts from no predictive 

power to Granger-causing CO2 after the structural break in 1991-Q2. For the other countries in 

this thesis’ analysis, different results were found. Notably, the most frequent Granger-causality 

is observed through for GDP (in 10 out of 12 datasets). For OIL, INT, and CPI, this thesis finds 

evidence to reject the non-causal null hypothesis for 6, 6, and 7 relationships respectively. 

Overall, there is no observable shift in Granger-causality after the structural breaks, with only 

CPI holding one additional Granger-causal relationship pre-break.  
 

Alternatively, it is interesting to explore whether past values of CO2 emissions hold any 

predictive power over the other variables. This would add to the overall relevance of CO2 

emissions in the macroeconomy. An inverse application of the causality() function, i.e. with 

cause = CO2, aims to satisfy this goal.  
 

Table 5.h: Granger-causality test results for U.S. with cause = CO2 

U.S. 
Pre-break  Post-Break 

F-statistic 
CO2 à GDP     5.104***     13.485*** 
CO2 à OIL 0.303 1.453 
CO2 à CPI  2.049* 0.574 
CO2 à INT 1.878 1.184 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Similar methodology as figure 5.g, but cause = CO2. 

 

As seen from the results above, the current and lagged values of CO2 appear to only hold 

predictive power over GDP. Similar results are found for the remaining countries. Overall, in 

eight out of twelve datasets, CO2 are found to Granger-cause GDP, while for the remaining 

independent measures, the noncausal null is only rejected once or twice per variable. 
 

These findings, in addition to the inverse Granger-causality relationships, strive to substantiate 

the relevance of CO2 emissions in a macroeconomic context. The results above are combined 

in this thesis’ discussions, see section 6.3, with the findings from other tests to provide an 

overall summary aimed at proving this relevance. With regards to answering the previously 

formulated hypotheses, the following sections seek to specify the econometric model which 

aims to quantify some of the influences of the independent variables on CO2 emissions per 

capita. 
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5.7 Order of the Variables 

As mentioned in the beginning of this chapter, the results obtained from the standard OLS 

regression suggest that a more dynamic model, such as a VAR, is required for this thesis. 

Through this, so called feedback effects are allowed to occur which in turn yield the dynamic 

approach. Moreover, the application of a VAR model allows for innovation accounting which 

explores impulse response functions (IRF) and forecast error variance decompositions 

(FEVD). Although the ordering is irrelevant for the VAR model (since all variables are 

considered endogenous), the IRFs and FEVDs are dependent on the order derived in this 

section. This additional restriction is required for these plots since a contemporaneous shock is 

assumed to occur to only one of the variables, while holding the other factors constant (Enders, 

2015). This ordering is traditionally based on a combination of economic theory and statistical 

evidence; ranking the variables from least to most endogenous (Lütkepohl, 2006).  
  

Foremost, due to this thesis’ focus on CO2 emissions per capita as the dependent variable, it is 

inherently assumed to be most endogenous. Oppositely, Gali and Blanchard (2017) found that 

oil price fluctuations are greatly affected by geopolitical events, such as conflicts, trade wars, 

and other disruptive incidents. Since these happenings occur outside the established model, 

they are defined as exogenous shocks, i.e. they are not accounted for. As such, oil prices are 

expected to be the least endogenous variable. To ensure comparability between countries, the 

order found for the U.S. is assumed to be consistent across datasets. In a later section, this 

thesis will shuffle the order of the variables to evaluate whether this has any impact on the 

innovation accounting. From a statistical perspective, the levels of endogeneity may be 

assessed by applying the Granger-causality test once more (Enders, 2015). 
 

With regards to this thesis’ analysis, a variable’s level of endogeneity is seen through its F-

statistic. This builds on the previously discussed hypotheses of the Granger-causality test. 

Simply put, when exploring the predictive power of the model on one variable, higher F-

statistics are indicative of a higher level of endogeneity. In this test, the F-values are in essence 

a ratio between the predictive power (the sum of residuals) of model with only the lagged 

values of Xt and one that includes multiple variables. As such, lower F-values indicate a limited 

improvement, i.e. exogeneity, and higher statistics suggest a greater improvement to the 

predicative power, i.e. endogeneity after adding additional variables (Enders, 2015). Variables 

that are explained relatively more (compared to the other variables) within the model are placed 

later in the variable ordering. Since CO2 is considered the most endogenous variable it is 

excluded from the test results summarized in table 5.i.   
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Figure 5.i: Granger-causality test to assess endogeneity for U.S.  

U.S. 
Full Dataset  
F-statistic 

Model on GDP     6.657*** 
Model on OIL 1.119 
Model on CPI     5.675*** 
Model on INT     2.490*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are generated by applying the causality() function on all independent variables.  

Cause is set to all (including CO2), excluding one (i.e. GDP, OIL, CPI, or INT). 
 

The results from the Granger-causality test above suggest that OIL is the least endogenous, i.e. 

most exogenous, variable in the model. This observation is in line with the previously 

established economy reasoning, thus placing it first in the ordering. To further validate the 

order of the remaining three independent variables a similar Granger-causality test is applied 

on the U.S. pre- and post-break datasets. 

 

Figure 5.j: Granger-causality test to assess endogeneity for pre- and post-break U.S. 

U.S. 
Pre-break  Post-Break 

F-statistic 
Model on GDP   2.783***     4.151*** 
Model on CPI   2.673***     2.822*** 
Model on INT 1.185** 0.936 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Similar methodology as figure 5.i, but applied on the pre- and post-break datasets. 

 

The results in table 5.i highlight that the order of endogeneity remains constant after breaking 

the data sample. Consequently, this thesis proposes the following order of variables for its 

innovation accounting in sections 5.11 and 5.12: 

 

(9) OIL   à   INT   à   CPI   à   GDP   à   CO2    

 

The ordering of independent variables is in line with what economic reasoning would suggest. 

Namely, OIL and INT are likely more dependent on exogenous shocks and strategies, i.e. not 

well-predicted within the model, while CPI and GDP are the result of in-model developments.  

 



 

[24]:  These repetitions of the VAR model are excluded from this thesis due to space restrictions. 
[25] Similarly, all results from the varselect() function are excluded, but are available upon request.  
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5.8 Vector Autoregressive Model 

The VAR model is widely-used within econometric analysis. It was introduced by Sims in 

1980 and incorporates lags of all variables while accounting for feedback effects between them, 

resulting in a more dynamic structure (Enders, 2015). Moreover, a popular feature of the VAR 

is the fact that it does not require restrictions or economic theory steering the model. Instead 

all variables are considered to be endogenous and the data is interpreted as is. Due to this 

endogeneity, the ordering (as specified previously) will not influence its results. This was 

confirmed by running the VAR model on different orders, which resulted in precisely the same 

results[24]. 

 

Besides an ordering of the variables for the IRFs and FEVDs, the VAR() function in R (Hankin, 

n.d.) requires a specification on the number of lags and on the deterministic component, namely 

none, constant, trend, or both. As definitions, constant and trend indicate that an intercept or 

linear time trend is included in each equation respectively. Both and none specify the logical 

addition of both or neither. With regards to this choice, because the VAR model is applied on 

stationary data and since incorrectly accounting for a constant (default choice) is considered to 

have fewer downsides than falsely assuming none, the model’s type is specified as ‘const’. 

From a logical perspective, it is evident that when all explanatory variables are equal to zero, 

the dependent variable is likely not zero, i.e. has an intercept. The optimal number of lags to 

include is determined based on the lowest value of one of several Information Criteria (IC). 

For the purpose of this thesis, the Bayesian Information criterion (BIC) is preferred over the 

(similarly popular) Akaike Information Criterion (AIC). When the AIC and BIC provide 

contradicting optimal lag lengths, the latter is preferred because it selects a more parsimonious 

model, i.e. it chooses a model with fewer lags. The varselect() function (Pfaff, n.d.) provides a 

consistent result for each country for both pre- and post-break datasets, namely four lags[25]. 

This is in line with Enders’ (2015) suggested rule of thumb to select the same number of lags 

as the frequency of the data. Subsequently, with the number of lags and the order of variables 

decided, the VAR model may be specified.
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These specifications result in the following VAR model equation: 
 
 
(10) ∆CO2 = Const. + 𝛽1 * ∆GDPt-1 + 𝛽2 * ∆GDPt-2 + 𝛽3 * ∆GDPt-3 + 𝛽4 * ∆GDPt-4 + 𝛽5 * ∆OILt-1 

+ 𝛽6 * ∆OILt-2 + 𝛽7 * ∆OILt-3 + 𝛽8 * ∆OILt-4 + 𝛽9 * ∆CPIt-1 + 𝛽10 * ∆CPIt-2 + 𝛽11 * ∆CPIt-3  
+ 𝛽12 * ∆CPIt-4 + 𝛽13 * ∆INTt-1 + 𝛽14 * ∆INTt-2 + 𝛽15 * ∆INTt-3 + 𝛽16 * ∆INTt-4 + et 

 
Before any interpretation can be made on the results of the VAR analysis (see appendix F), the 

conditions of the model need to be assessed. Two important prerequisites of a VAR model are 

that the variables are integrated of the same order and that the series are not cointegrated 

(Enders, 2015). The first condition has been evaluated through stationarity testing utilizing the 

ADF test for unit roots. When variables are integrated of orders zero and one, an autoregressive 

distributed lag (ARDL) approach is more appropriate (Enders, 2015). Since six out of eight 

countries are I(1), China and Japan were excluded from further analysis and a VAR model is 

specified. With regards to the second condition, when cointegration among the variables is 

discovered, an alternative model, which accounts for its effects, is required. This vector error 

correction model (VECM) differs from the VAR by including the error correction term in the 

right-hand side equation. Subsequently, this approach estimates the linear coefficients while 

accounting for one or multiple cointegrated relationships. 

 

Therefore, a logical subsequent step, prior to any VAR interpretations, is to check for 

cointegration. Interpreting the VAR analysis while the variables are cointegrated leads to 

invalid results and a loss of valuable information on long-run relationships (Johansen, 1991). 

As such, the next step is testing this condition through the Johansen test for cointegration.  
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5.9 Cointegration 

The presence of cointegration forms the basis for the vector error specification. The intuition 

behind cointegration is that a long-run relationship exists to which individual non-stationary 

series converge to over time. A well-known macroeconomic example of cointegration is the 

long-run Fisher equation on interest rates and inflation (Beyer et al., 2009). This theory states 

that the real interest rate, i.e. the difference between the nominal interest rate and expected 

inflation, is zero and not affected by monetary shocks in the long-run. This means that a 

permanent change in inflation is followed by an equal shift in the nominal interest rate.  

 

For the purpose of this econometric analysis, the Johansen approach is deemed the most 

suitable test for cointegration. Whereas the well-known Engle-Granger methodology only 

allows for one cointegrated relationship, the Johansen test is not bound by this restriction 

(Enders, 2015). Since logically multiple of these long-term relationships can exist 

simultaneously in a model with five macroeconomic variables, this testing method is applied. 

 

The arguments of the ca.jo() function (Pfaff, n.d.) require several decisions. Foremost, the 

cointegration test follows the same lag selection methodology as the previously defined VAR 

model, as such, K = 4 due to the quarterly frequency of the data and the results of the varselect() 

function. Secondly, the test’s type refers to its output statistics. Since both trace and eigen tests 

provide very similar results with only noticeable variations in small samples, there is no 

practical difference (Lütkepohl, 2002). The error correction deterministic component (ecdet) 

refers to a potential linear relationship between unit root processes, i.e. the non-stationary time 

series. Overall, it seems ungrounded to assume a non-zero mean since there is no clear 

diverging or converging relationship between the variables (see appendix A for the plots); 

therefore ecdet = ‘none’ (the default option). 

 

The results for the U.S. sequentially reject r = 0 and r ≤ 1, but are unable to do so for r ≤ 2 

based on their respective test statistics and critical values (see appendix G). Therefore, logic 

implies that the pre-break dataset for the U.S. is characterized by two cointegrated 

relationships. This indicates that a VAR model is an inappropriate approach to analyze this 

thesis’ datasets and a VECM analysis is required to avoid invalid inference. Similar and 

consistent findings are found for both pre- and post-break subsets for each country with the 

number of cointegrated vectors ranging from two to four (see appendix G).
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5.10 Vector Error Correction Model 

The VECM can be seen as a restricted form of the aforementioned VAR model due to its 

inclusion of short-term adjustments to the long-run relationships (Enders, 2015). These effects 

are seen through the error correction terms (ec-terms) (Johansen, 2009). Another difference 

between the VECM and VAR is that the former makes use of non-stationary data and 

differentiates between short-run and long-run relationships, whereas the VAR only looks at the 

normal linear connections. The VECM is able to explore non-stationary data because 

cointegration circumvents this issue since it emphasizes a long-run combination of non-

stationary variables that are jointly stationary (Enders, 2015). As mentioned, the short-run 

influences are observed through the ec-terms in the VECM, often referred to as the speed of 

adjustment parameters, which work to correct for deviations and restore the long-run 

equilibrium. These estimates, when significant, provide an indication of the percentile return 

in the first period of a variable to its long-run relationship after a shock occurs. A negative and 

significant ec-term with a value ranging between -1 and 0 indicates that any short-term 

deviation will return to the long-run equilibrium. The long-run estimates are found in the so-

called beta coefficients (Lütkepohl, 2006; Enders, 2015) which can be combined to formulate 

a cointegration equation. These ec-terms and beta estimates are discussed more in-depth after 

a summary of the VECM results. Outside this emphasis on short-run versus long-run effects, 

the VECM provides standard linear regression estimates while accounting for cointegration 

effects. Whether these results are remarkably different from the VAR model can be observed 

in appendices F and H and is discussed further in section 5.13.2.  

 

The function ca.jorls() (Pfaff, n.d.) is applied to estimate the VECM. Apart from the number 

of cointegrated relationships (r), this function requires no further specifications and results in 

the following linear equation when r = 2: 

 

(11) ∆CO2 = Const. + ec-term1 + ec-term2 + 𝛽1 * ∆GDPt-1 + 𝛽2 * ∆GDPt-2 + 𝛽3 * ∆GDPt-3 +  
𝛽4 * ∆OILt-1 + 𝛽5 * ∆OILt-2 + 𝛽6 * ∆OILt-3 + 𝛽7 * ∆CPIt-1 + 𝛽8 * ∆CPIt-2 + 𝛽9 * ∆CPIt-3 +  
𝛽10 * ∆INTt-1 + 𝛽11 * ∆INTt-2 + 𝛽12 * ∆INTt-3 + et  - 1
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Table 5.k: U.S. Pre- and Post-Break VECM Results 

U.S. 
Pre-Break Post-Break 

Estimate Std. Error Estimate Std. Error 
ec-term 1 -0.0012 0.0041   0.0099** 0.0038 
ec-term 2    -0,0035*** 0.0004   0.0030** 0.0013 
constant    -0,7243*** 0.1679    0.4726*** 0.1593 

GDP – lag 1   0.5298** 0.2457    1.6078*** 0.3840 
GDP – lag 2    0.8530*** 0.2677  0.9612* 0.3854 
GDP – lag 3     1.0197*** 0.2591 0.1112 0.3814 
OIL – lag 1 0.0185 0.0133 -0.0060 0.0172 
OIL – lag 2 0.0048 0.0140 0.0064 0.0187 
OIL – lag 3   0.0338** 0.0142   0.0470** 0.0182 
CPI – lag 1 -0.0037 0.0031 0.0009 0.0038 
CPI – lag 2 -0.0050 0.0032 -0.0025 0.0038 
CPI – lag 3    -0.0068** 0.0031 -0.0042 0.0035 
INT – lag 1 -0.0026 0.0018 0.0051 0.0077 
INT – lag 2    -0.0054*** 0.0016 -0.0016 0.0090 
INT – lag 3    -0.0052*** 0.0017 -0.0009 0.0073 
CO2 – lag 1    -0.9573*** 0.0225     -0.9395*** 0.0323 
CO2 – lag 2    -0.9000*** 0.0251     -0.9081*** 0.0324 
CO2 – lag 3     -0.8303*** 0.0259     -0.9197*** 0.0245 

Adj. R2 0.982 0.975 
Number of Obs. 82 106 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are generated by applying the summary() function on the VECM model. 

 

Foremost, the seasonality associated with CO2 emissions is likely the cause of the highly 

significant and negative estimates of its lagged values due to the consistent up-and-down 

movement of the seasonal pattern. With regards to the number of lags, the VECM is applied 

on non-stationary data and differences it within the model. Through differencing, the model 

loses an observation, making the time series shorter and subsequently the last lag (lag 4) is 

removed from the linear estimates in VECM output. Therefore, this thesis is unable to 

determine whether CO2 emissions are positively correlated with its value in the same period 

last year (as seasonality would suggest). However, the results from the VAR model prove 

precisely this expectation (see appendix F), hence underlining the effects of using seasonal 

data. Moreover, to add further statistical evidence of this seasonal pattern, the adjusted R2 of 

the VECM with CO2 as the dependent variable is over 95%. These results are consistent among 

all countries (see appendix H). Consequently, the linear estimates of the lagged values of CO2 

are not interpreted in this thesis. The validity of the remaining linear estimates is discussed 

further in chapter 6 which evaluates the VECM’s findings according to economic theory and 

the results of past academic literature.



 

[26]:  Further calculations are excluded due to space limitations and because they are not relevant to 
the scope of this thesis. Namely, the hypotheses and research question primarily explore the 
shifts and differences in sign. Furthermore, whether effects grow or diminish from the pre- to 
post-break dataset can also be seen by comparing the normal VECM estimates. 
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Interpreting the linear estimates above requires an additional calculation due to the logarithmic 

nature of some of the variables, namely GDP, OIL, and CO2. When both variables are in 

natural logarithms (Ln → Ln), the estimates can be interpreted as elasticities. This calculation 

is made through the following equation for a 10% increase in the independent variable: 

 

(12) 𝛶 = 𝑒'	∗	*+ ,.,.	 − 1          [Ln → Ln] 

 

Where 𝛶 is the relative increase of the dependent variable and 𝛽 is the linear estimate for the 

independent variable from the VECM. To apply the formula above, the results from the VECM 

suggest that, on average, a 10% increase to the lag-1 value of GDP is, ceteris paribus, expected 

to result in 𝛶 = 0.0518, i.e. a 5.18% increase in CO2 for the U.S. pre-break. Alternatively, the 

influence of INT or the CPI (non-logarithmic variables) on CO2 is outlined as the effect of a 

one-unit increase, expressed as a percentile change. This one-unit increase effect is calculated 

through the following equation. 

 

(13) 𝛶 = 𝑒' − 1            [Linear → Ln] 

 

As such, the VECM predicts that, on average and keeping all others equal, a one-unit increase 

to the lag-2 value of INT results in 𝛶 = -0.00539, i.e. a 0.539% decrease to CO2 for the U.S. 

pre-break[26].  

 

As mentioned previously and in addition to the findings above, the VECM disentangles short-

run and long-run effects through its reported ec-terms and beta coefficients. Albeit outside the 

scope of the formulated hypotheses, this thesis outlines a basic interpretation of the ec-terms 

and specifies a long-run cointegration equation. Foremost, the negative and significant ec-

term2 for the U.S. pre-break dataset suggests that when a shock occurs, CO2 converges back 

to the long-run equilibrium by 0.35% of the deviation in the first period. The significant but 

positive ec-terms for the post-break period suggest that CO2 moves away from its cointegration 

relationship after a shock, suggesting a non-stable interaction. Similar instability is assumed 

when the ec-term is greater than the absolute value of one. The beta equations for pre- and 

post-break U.S. are calculated on the following page.  
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Table 5.l: U.S. pre-break cointegration betas and ec-terms 

U.S.  
Pre-Break OIL INT CPI GDP CO2 

𝛽1 (beta1) 1.00Ε+00 6.94Ε-18 -1.75Ε-01 -4.21Ε+00 -5.50Ε+00 
ec-term1 -0.040 -0.621* 0.260 0.005** -0.001 
𝛽2 (beta2) 0.00Ε+00 1.00Ε+00 1.18Ε+00 -1.49Ε+01 -4.54Ε+01 

ec-term2 -0.001 0.018 -0.070*** -0.001** -0.004*** 
Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 

Notes: Order of variables is based on least to most endogenous. Results are generated by 
applying the summary() function on the VECM with the additions $rlm and $beta. 

 

(14) 𝛽1 (1.00, 6.94 ∗ Ε-18, -0.18, -4.21, -5.50) 

 𝛽2 (0.00, 1.00, 1.18, -14.9, -45.4) 

 

(15) Equation1: CO2 = 0.182 OIL + 1.262 ∗ Ε-18 INT * – 0.032 CPI – 0.765 GDP ** 

 Equation2: CO2*** = 0.000 OIL + 0.022 INT – 0.026 CPI *** – 0.328 GDP ** 

 

 

Table 5.m: U.S. post-break cointegration betas and ec-terms 

U.S.  
Post-Break OIL INT CPI GDP CO2 

𝛽1 (beta1) 1.00Ε+00 0.00Ε+00 -4.73Ε+00 -2.25Ε+01 4.07Ε+00 
ec-term1 -0.034 -0.166*** 0.025 -0.00001 0.010** 
𝛽2 (beta2) 0.00Ε+00 1.00Ε+00 1.28Ε+01 5.50Ε+01 -1.57Ε+01 

ec-term2 -0.015 -0.063*** -0.028 -0.0002 -0.003** 
Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: A similar methodology is applied as for Figure 5.l 

 

(16) 𝛽1 (1.00, 0.00, -4.73, -22.5, 4.07) 

 𝛽2 (0.00, 1.00, 12.8, 55.5, -15.7) 

 

(17) Equation1: CO2* = -0.246 OIL + 0.000 INT *** + 1.162 CPI + 5.528 GDP 

 Equation2: CO2* = 0.000 OIL + 0.064 INT ** + 0.815 CPI *** + 3.535 GDP ** 

 

 

A brief comparison between economic theory and the established beta equations is given on 

the next page.  

 



 

[27]:  The long-run beta equations fall outside the scope of this analysis. Consequently, this thesis 
does not calculate the remaining 25 equations (one for each cointegration vector per country, 
per time period).  
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Exploring the pre-break U.S. long-run beta equations, the signs of each coefficient is consistent 

between the two cointegration relationships. This is not always the case. In the event of multiple 

cointegration relationships, as is detected for each country, a different mix of variables may 

contribute to each long-run relationship (see significance level of ec-terms) and subsequently 

show alternating coefficient signs[27]. Overall, the betas for the U.S. show both similar and 

different signs compared to the previously hypothesized relationships. In this regard, only post-

break OIL, CPI, and GDP show effect signs in line with the aforementioned hypotheses. This 

may indicate that the established economic theories which were important in formulating the 

hypotheses hold truer in the post-break datasets than before the structural breaks. If similar 

results are found in the linear estimates, further analysis in the discussion section will attempt 

to outline shifts and macroeconomic changes which may contribute to these developments. 

 



 

[28]:  Due to space restriction, the IRF plots for the remaining 5 countries, i.e. 20 graphs, are omitted. 
They are available upon request. The relevance or irrelevance of these IRFs for the purpose of 
this thesis is discussed further in a later section. 
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5.11 Impulse Response Function 

When economic shocks or incidents occur, it can be relevant to explore the sensitivity of the 

other variables to that shock. Within this regard, an impulse response function (IRF) aims to 

investigate this interaction between variables in the VECM. Generally, an IRF measures the 

effect on one variable in response to a one-time shock to another variable within the system 

(Lütkepohl, 2005; Enders, 2015). In a VAR model containing stationary variables, with a mean 

and variance that is independent of time, it is assumed that any shock that occurs to the system 

should eventually die out and revert back to its initial mean. In the event when the variables 

instead are cointegrated, the IRFs are applied on non-stationary time series and shocks to 

systems are expected to flatten out slowly. Since the main focus of this thesis is to investigate 

the effects of chosen variables on CO2 emissions, only the effects of a shock to INT, GDP, 

OIL, and CPI on CO2 are presented. As argued in a previous section, the ordering of the 

variables plays an important role for the IRF function. However, in order to test the robustness 

of the applied order of endogeneity, other orderings were also applied. When large differences 

between orders are observed, further investigation into the relationship among variables is 

required (Enders, 2015). After applying all possible combinations of orders, only minor 

changes in the IRFs were detected and the established order was deemed robust[28].  

  

The results of the irf() function (Pfaff, n.d.) are plotted in appendix I. From these impulse 

response graphs, it is shown how much a variable (CO2) deviates from its average value when 

a shock occurs to one of the independent variables. Noteworthy, the U.S. IRF plots show that 

the deviation to CO2 shows a tendency to converge back to zero after a while. This suggests 

that the model is stable (Enders, 2015). A non-converging trajectory would instead indicate 

that a one-time, temporary shock to a different variable possesses a permanent effect on CO2. 

From the IRF results in appendix I, a shock to INT appears to have the biggest effect on CO2 

before the structural change for the U.S., which peaks around 10 lags ahead, i.e. 2.5 years. The 

post-break IRF shows a surprisingly different picture, where the effects of a nominal interest 

rate shock appear to be the smallest compared to the other variables. Exploring the IRFs for all 

countries, no particular pattern is found per variable or regarding a shift from pre- to post-

break. These results are discussed further in section 6.3. 
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5.12 Forecast Error Variance Decomposition 

Similar to the IRFs, the application of a forecast error variance decomposition (FEVD) aims to 

further investigate the dynamic effects between variables. The FEVD describes how much of 

the estimated error variance of a given variable after n steps can be explained by an observable 

shock in its own or a different series (Lütkepohl, 2005). Put more simply, it is an indication of 

how much other variables potentially play a role in the future value of the dependent variable, 

i.e. CO2 emissions. The FEVD shows the amount of information a variable provides through a 

percentile estimation and how these change over time. How these percentages are distributed 

among the variables and how this develops for further lags ahead provides the basis for the 

FEVD interpretation. It is likely and often found that the findings from the FEVD coincide 

with results found in the Granger-causality test, IRF plots, and/or the VECM. The fevd() 

function (Pfaff, n.d.) in R creates the variance distributions and are shown for the U.S. pre- and 

post-break datasets below. 

 

Table 5.n: U.S. Pre-Break FEVD output, 30 periods ahead 

 
 

Table 5.o: U.S. Post-Break FEVD output, 30 periods ahead 

 
Notes: The FEVD plots above are generated through the plot() and fevd() functions.  

Order of variables is based on least to most endogenous.  
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To provide an indication of how the FEVDs can be interpreted, the U.S. pre- and post-break 

plots are discussed more in-depth. For the lags ahead, a large percentage of the forecast 

variance is explained by CO2’s own value, namely 95% for n.ahead = 1 in the pre-break period. 

However, this percentage quickly decreases and stabilizes between 25% and 30% after 

approximately 10 periods. Simultaneously, INT becomes an important factor in explaining the 

CO2 forecast variance. At its height, up to 57% of the variance in CO2 is due to shocks to 

nominal interest rate. Moreover, a shift is observable between the pre- and post-break subsets. 

In the post-break analysis, a neglectable part of CO2’s forecast variance is determined by 

shocks to INT and far more by its own variance. Furthermore, when paying particular attention 

to the distribution, a pattern is observable every 4 periods. This result of seasonality is 

especially noticeable for the U.S. post-break plot due to its relatively stable distribution.  

 

Noteworthy, the FEVDs show patterns regarding the growing and diminishing influence of 

independent variables when comparing the pre- and post-break plots (see appendix J). Similar 

observations are found in some of the IRFs (see for example the decreasing effects of INT 

shocks on CO2 for the U.S. after the structural break) and the VECM linear estimates. Most 

importantly for the scope of this thesis, the consistency between the FEVDs and VECMs 

(which holds for all countries) adds validity to the previously discussed results. 
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5.13 Conclusion of the Econometric Analysis 

This final subsection of the econometric analysis aims to combine results from previous tests 

to emphasize similarities, to underline the validity of findings, and to highlight differences in 

results between the VECM and its OLS and VAR counterparts.  

 

5.13.1 Seasonality of CO2 Emissions 

Foremost, the seasonality of the dependent variable CO2 has been discussed to some degree in 

the data section of this thesis. There, it was argued that the adjusted R2 (the model fit) may 

increase drastically after incorporating lagged values of the dependent variable, which contain 

information regarding its seasonal pattern. Later, in the econometric analysis, the lagged 

measures of CO2 were found to possess significant and negative estimates due to the consistent 

up-and-down movement of this seasonality. An exception to this would be the fourth lag of 

CO2 (excluded from the VECM but part of the VAR model), which may differ since it accounts 

for the value of CO2 emissions in the same period (i.e. season) last year. Exploring the results 

from the econometric analysis, these previous expectations all appear correct. The adjusted R2 

increased for each of the countries between the OLS and the VAR/VECM, to approximately 

95%. Next, the linear estimates of lagged values are significant and negative for all countries, 

where the VAR shows positive estimates for the fourth lagged measure of CO2 on its non-

lagged value. Consequently, this thesis argues that the effects of past values on current CO2 

emissions become uninterpretable due to seasonality. Nonetheless, since these effects are 

outside the scope of this thesis, no relevant inference is affected by this predicted limitation.  

 

Secondly, to emphasize that the remaining linear estimates are still valid, the findings from the 

econometric analysis should be compared to past literature and economic theory. It is important 

to evaluate whether the results are consistent with previous research and that any deviations or 

shifts are based on clear economic reasoning without becoming too far-fetched. A review of 

these conditions is a key element to the subsequent discussion section of this thesis. When 

sufficient theoretical evidence is found to support the findings of this analysis, it is assumed 

that this seasonality does not impede the ability to draw valid inference between the 

independent variables and CO2 emissions. 

 

 



 

[29]:  Due to space restrictions, the OLS and VAR results on the pre- and post-break datasets are not 
included. This thesis argues that adding these tables is a disproportional allocation of space for 
a one-time comparison between estimates.  
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5.13.2 Differences between OLS, VAR, and VECM Results 

In hindsight of the econometric analysis, questions are raised regarding the difference in results 

between the VAR model (and subsequently the VECM) and the standard OLS regression. 

Although several arguments have been provided why the former are more appropriate, the 

overall utility of these dynamic models is apparent through their statistical results. Namely, 

comparing the OLS results, after imposing structural breaks, to the VECM, this thesis finds 

more significant relationships in the latter model, while 33 out of the 48 relationships (i.e. 4 

independent variables and 12 subsets) shift between these tests[29]. For example, pre-break 

GDP on CO2 shifts from no significant relationship to a positive effect for the U.S. between 

the OLS and VECM. Since the VECM gains available information in the model, these frequent 

differences highlight a misspecification of the model through the OLS. 

 

Comparing the VAR model to the VECM highlights smaller, yet similar results[29]. The VECM 

gains in available information by including the ec-terms in its right-hand side equations, thus 

accounting for the effects of cointegration. Most notably, the VAR possesses fewer significant 

estimates compared to the VECM, although the majority of the estimate signs remain constant 

and the model fit does not improve noticeably after including the cointegration effects. Overall, 

although it seems that accounting for a dynamic model corrects for most of the OLS’ 

drawbacks, the existence of cointegration (and to some degree the additional significant 

estimates) stresses the necessity to apply a VECM to account for relationships which are lost 

in a VAR model. As a final note, the differences between the pre- and post-break FEVDs are 

overall in line with the shifts in significance of the linear estimates in the VECM. This 

consistency further emphasizes that it is reasonable to view the VECM results of this thesis as 

valid. 
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6. Discussion 

 

In the following discussion, this thesis will compare the results from the previous econometric 

analysis between countries, time periods, and against the hypothesized relationships. Overall, 

consistent statistical evidence has been found of measurable effects of macroeconomic 

variables on CO2 emissions. Observed differences form the premise to reevaluate the economic 

theory introduced in an earlier chapter of this thesis. Subsequently, new insights may be gained 

regarding the effects of the independent variables on CO2 emissions. These interpretations 

could impact economic and logical reasoning, highlight the relevance of specific variables or 

calculations, and may hold implications for policymakers which work closely with the chosen 

economic indicators and sustainability. 

 

Moreover, this section lends itself to the discussion of findings which do not contribute directly 

to the established research question or formulated hypotheses. Within these supplementary 

results, the exclusion of China and Japan, the deviating estimates for pre-break United 

Kingdom, and the general relevance of CO2 emissions in a macroeconomic context are 

highlighted as particularly interesting.  

 

 



 

[30]:  See for example Pesaran (2001), who proposed an ARDL model which accounts for 
cointegration when there is a mix of variables which are I(0) and/or I(1). 

[31]:  See Haldrup (1998) for an in-depth outline on a potential methodology. 
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6.1 Exploring the Exclusion of China and Japan 

Before this section continues in its discussion of econometric results, an earlier, yet equally 

impactful choice requires further thought, namely the exclusion of China and Japan. These 

countries were no longer considered for further analysis after establishing them as outliers due 

to their economic conditions which was further emphasized by their respective ADF tests and 

orders of integration, namely I(2) for China and I(0) for Japan. As outlined previously, 

continuing with a dataset with variables integrated of different orders would risk invalid results 

when a VAR or VECM is applied. Although the arguments below outline a methodology to 

incorporate China and Japan into the analysis, this thesis sticks to its reasoning that the 

downsides of these adaptations outweigh potential insights gained from adding the countries 

to the data sample.  
 

Since the economic reasoning behind these deviations has already been addressed, this section 

aims to outline how China and Japan could have been incorporated into the analysis by re-

specifying the model considerably. Firstly, an autoregressive distributed lag (ARDL) approach 

would instead be needed for Japan. This model allows for variables integrated of orders zero 

and one and has been applied on long time series with cointegration in past literature[30]. 

However, applying an ARDL model on variables which share the same order of integration is 

considerably less common in academic literature than the applied VAR and VECM (Enders, 

2015). Alternatively, the different orders of integration may be circumvented by choosing 

different measures for the same macroeconomic aspects as INT and CPI. Namely, variables 

such as money supply or consumer confidence are more volatile and possess a greater 

development over time (compared to post-break INT and CPI for Japan), thus are likely not 

stationary at levels. Nonetheless, this thesis refers back to its arguments in section 1.1 as to 

why these alternatives are considered inferior.  
 

With regards to China, the pre- and post-break GDP and CO2 variables violate the prerequisites 

of a VAR, VECM, or ARDL approach since they require two accounts of differencing before 

becoming stationary processes. Although some academic literature on working with I(2) 

variables exists[31], the most intuitive solution is a re-specification of the model. Namely, by 

shifting from GDP to GDP growth (and a similar change for CO2 emissions), the new variables 

may no longer possess the previously discussed exponential component which is likely the 

cause of the observed order of integration. Note, this would however limit the link drawn 

between the EKC theory, economic growth, and the starting level of per capita income.
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6.2 Explaining Deviating Results for Pre-Break United Kingdom  

In addition to the previous discussion on China and Japan, this section aims to outline pre-

break United Kingdom’s sociopolitical and economic context which contributes to deviating 

results. This thesis has found consistent linear estimates among countries per period, yet five 

exceptions are found, namely post-break U.S. for OIL, post-break France for GDP, and pre-

break United Kingdom for OIL, INT and CPI. Whereas the former two are discussed in their 

corresponding sections regarding the effects of OIL and GDP on CO2 emissions, the United 

Kingdom appears to stand out. 

 

The pre-break economic period for the United Kingdom from 1970 to 1992 is characterized by 

two major recessions which affected the nation’s fuel consumption to an extent which is 

arguably unique within this thesis’ scope. Foremost, the recession from 1973 to 1975, 

following an oil crisis, hit the United Kingdom especially hard. It took the country 14 quarters 

before GDP was back at the level it was prior to the recession (Tucker et al., 2009). Moreover, 

this crisis was characterized by a great degree of uncertainty. In a period where oil prices were 

particularly high, the United Kingdom’s government was fearful for coal miner strikes and thus 

opted to introduce a three-day week of electricity and reduce the country’s dependence on coal 

(and oil) (Gamble, 1994). The second recession, between 1980 and 1981, was preceded by a 

severe fiscal austerity policy (often referred to as the Thatcher era) aimed at lowering the 

country’s deficit. During this recession unemployment rose, whilst consumer spending, 

investments and exports went down. Moreover, exchange rates increased, worsening the 

country’s competitive position and causing many industries which relied on exports to falter. 

Manufacturing output fell by approximately one-third (Chamberlin, 2010). These two periods 

were defined by strong drops in CPI, a lowering of nominal interest rates to stimulate spending, 

high oil prices, and strong declines in manufacturing output and consumption. Subsequently, 

this explains the positive estimates for CPI and INT and the inverse effect of OIL on CO2 for 

the United Kingdom. These signs are opposite to the observed significant relationships for the 

other countries.  

 



 

[32]:  See for example the shift in variance decomposition between pre- and post-break U.S. for 
nominal interest rate in section 5.12. 

74 

6.3 General Relevance of CO2 Emissions in a Macroeconomic Context 

Before the findings from the econometric analysis are discussed in light of the previously 

established hypotheses, this section aims to explore several findings which do not contribute 

directly to the hypothesized relationships. Notably, the results from the Granger-causality test, 

the FEVD and IRF graphs, and a basic interpretation of CO2 in cointegrated long-run 

relationships aim to steer this discussion on the overall relevance of CO2 emissions in a 

macroeconomic context.  

 

As described in the literature review of this thesis, the influence of environmental degradation 

on economic growth has been the scope of papers by Nordhaus (2006) and Burke et al. (2009). 

Although this relationship may not be immediately tangible, the function of economic growth 

should contain the state of the environment as a component, e.g. as proposed by Nordhaus 

(1999) in his DICE model. Subsequently, the link between economics and sustainability 

appears clear. Similarly, this thesis finds uni- or bidirectional Granger-causal relationships 

between GDP and CO2 for all datasets. From a broader perspective, the Granger-causality test 

has been applied for each independent variable, in every subset, to evaluate their predictive 

power over CO2 emissions and vice versa. As described in the econometric analysis, the 

bidirectional relationship is particularly strong with GDP. For the other independent variables, 

their predictive power over CO2 appears less consistent. For approximately half the countries 

per independent variable, with no particular observable consistency with regards to the group 

of countries, Granger-causality is found. Nonetheless, these results appear to emphasize that 

future CO2 emissions may indeed be predicted by the macroeconomic variables in this thesis.  

 

With regards to the FEVDs, the independent variables predict between 20% and 40% of the 

future uncertainty of CO2 after four quarters, i.e. one year ahead (see appendix J). These 

findings strengthen the previous results of the Granger-causality test which argued that the 

chosen macroeconomic variables hold predictive power over the future value of CO2 

emissions. Moreover, another link between statistical results is found in the variance 

decomposition and the linear estimates of the VECM, which show similar tendencies. Namely, 

every time a clear transition occurs in the FEVD, a similar shift is reported in the number of 

significant relationships in the VECM[32]. Although these statistical results explore different 

aspects, it is worth mentioning that they appear to coincide with regards to changes in the 

importance of the variables. 
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For the IRFs, although no distinguishable pattern is clear between countries or time periods, it 

is evident that CO2 responds consistently to shocks in each of the independent variables. 

Consequently, this thesis argues that, at a minimum, these findings prove a level of influence, 

i.e. it makes sense from a statistical perspective to explore CO2 emissions among these 

macroeconomic variables. Although the inconsistent IRF plots may appear disappointing, this 

thesis underlines that such results are also part of the possibility of econometric analysis.  

 

Lastly, the VECM’s ec-terms and beta coefficients are evaluated to determine the relevance of 

CO2 emissions from a cointegration perspective. Perhaps somewhat surprisingly, CO2 

emissions contribute to the long-run relationships, as seen through the significance level of the 

ec-terms, for all datasets except Germany and the United Kingdom for their pre-break series. 

Therefore, CO2 seems to influence the long-run equilibrium of the chosen macroeconomic 

variables throughout the time horizon of this thesis.  

 

In summarization, the previous findings all seem to confirm the relevance of CO2 emissions in 

a macroeconomic context. Because similar tendencies are found in multiple tests, the overall 

validity of this conclusion is further strengthened. Subsequent parts of this discussion will 

explore this thesis’ hypotheses and determine whether the econometric results are in line with 

previously introduced theories. Oppositely, findings may differ between countries or time 

periods and therefore prompt an investigation into possible explanations for these shifts and 

deviations. Discussing these differences and developments are of particular interest with 

regards to the established research question of this thesis.  
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6.4 Hypothesis 1 – GDP per Capita on CO2 Emissions per Capita 

The first hypothesized relationship explores the effects of GDP on CO2. As discussed in the 

theory and hypotheses section, this is the most intuitive link between macroeconomics and 

sustainability. The relationship between GDP and CO2 emissions is often suggested to be a 

simple one, namely that increases to the components of GDP will inherently contribute to 

greater CO2 emissions as it entails a higher consumption of polluting resources. Similarly, this 

thesis argued that CO2 emissions from fuel consumption, as a primary input variable for 

processes ranging from household energy consumption to industrial manufacturing, will rise 

when GDP per capita increases, i.e. a positive relationship. This hypothesis is tested through 

the VECM analysis results which are summarized for GDP specifically per country table 6.a. 

 

 

Table 6.a: Pre- and Post-Break VECM Results for GDP on CO2 

GDP on CO2 
Pre-Break Post-Break 

Estimate Std. Error Estimate Std. Error 
Canada, lag 1  0.3033 0.5001     1.6542*** 0.4110 
Canada, lag 2  0.6523 0.5103  0.6205 0.4558 
Canada, lag 3     1.3301*** 0.4589  0.0048 0.4026 
France – lag 1      2.4420*** 0.8282  0.8391 1.0441 
France – lag 2  1.2870 0.8970 -0.7737 1.0658 
France – lag 3   0.8637 0.8699  -1.7923* 1.0448 

Germany – lag 1    0.5385** 0.2656  0.2461 0.4795 
Germany – lag 2  0.5164 0.2783  0.3926 0.4992 
Germany – lag 3  0.1476 0.2591 -0.0551 0.4571 

Italy – lag 1     1.0120*** 0.3526  0.2677 0.4991 
Italy – lag 2  0.3199 0.4038  0.7812 0.5486 
Italy – lag 3   0.1465 0.4000    1.3792** 0.5195 

United Kingdom – lag 1     1.1530*** 0.3269    1.8105** 0.8071 
United Kingdom – lag 2     1.1600*** 0.3271  0.6997 0.8515 
United Kingdom – lag 3  0.4713 0.3175 -0.2585 0.8043 

U.S. – lag 1   0.5298** 0.2458     1.6078*** 0.3840 
U.S. – lag 2    0.8530*** 0.2677    0.9612** 0.3854 
U.S. – lag 3     1.0197*** 0.2591  0.1112 0.3814 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: The table above is a summarization of multiple VECM models. Consequently, the per-country 

reported adjusted R2 and number of observations are found in appendix H.  
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The results in table 6.a provide the most consistent findings compared to the other relationships. 

For the pre-break subsets, each country holds at least one positive and significant estimate. 

Since no apparent shift occurs in the sign or significance of the estimates, it becomes more 

interesting to explore the size of the linear coefficients. Estimates range from approximately 

0.5 for Germany to 2.44 at the upper-end for France. In the subsequent post-break subsets, all 

countries possess at least one positive estimate except for France and Germany. Where the 

estimates of Italy and Canada remain somewhat constant in size, the estimates for the United 

Kingdom and the U.S. increased. Oppositely, the linear relationship between GDP and CO2 

became non-significant for Germany and turned inverse for France at a 10% significance level. 

This final shift is surprising. As such, these findings raise a number of questions. Firstly, why 

does an increase to France’s GDP, ceteris paribus, result in (by far) the highest CO2 rise pre-

break, but shifts to the only inverse relationship post-break? Next, why do four out of six 

countries show an overall increase in their linear estimates, suggesting a greater environmental 

footprint of a GDP increase, when sociopolitical trends, a rise in clean energy, and a shifting 

fuel decomposition away from coal and oil (towards gas) would suggest the opposite? 

 

6.4.1 Alternative Estimates 

Foremost, France’s estimates are remarkable as outliers compared to the other results. 

However, an assessment of France’s descriptive statistics yields no distinguishing factors. 

France’s CO2 emissions per capita are neither the lowest or highest in 1970, 1996, or 2017 (the 

respective start, break, and end of its data sample). Moreover, the same applies to the country’s 

GDP variable or the change in CO2 and GDP over the same period. Simultaneously, France’s 

fuel decomposition does not stand out (compared to the other countries), with an overall shift 

from coal towards gas between 1970 and 2017. Consequently, this thesis is unable to pinpoint 

why France’s estimate for pre-break GDP on CO2 is considerably higher than for the other 

countries, since no underlying effects or trends are found. To compare, this thesis did find 

explanations for the deviating results for pre-break United Kingdom, namely the effects of their 

unique political and economic conditions related to fuel consumption and manufacturing 

output.  
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An argument which may explain France’s inverse relationship post-break builds on the 

previously introduced Environmental Kuznets Curve (EKC) theory. The EKC theory argues 

that “During the early stages of economic growth, degradation and pollution increase, but 

beyond some level of income per capita the trend reverses, so that at high income levels 

economic growth leads to environmental improvement” (Stern, 2004, p. 517-518). As such, it 

may be possible that France distinguishes itself as the sole country where economic growth no 

longer leads to environmental degradation. However, this thesis has already established that 

France’s GDP and fuel decomposition are not noticeably different from the other nations. 

Therefore, no arguments are found to support the inverse relationship hypothesized by the EKC 

theory in the country’s GDP or CO2 emissions (total or by fuel type). One possible argument 

subsequently remains. Namely, an explanation of the inverse post-break relationship could be 

found in fewer offshoring activities or very strict domestic and global environmental standards. 
 

In response to the argument above, figure 6.b plots the development of imports as a percentage 

of GDP. This graph provides no indication of France as an outlier based on their imports of 

goods and services. Moreover, although France has been a contributing force to global policies 

for sustainability, the country maintains near-identical import regulations as the rest of the 

European Union (European Commission, n.d.b). Furthermore, according to the environmental 

performance index by Yale (2020), France performs worse than the United Kingdom and 

similar to Germany. Lastly, although CO2 reduction policies may be in place in France, their 

effects do not appear extraordinary. Firstly, the change in CO2 emissions per capita between 

1970 and 2017 is -40.8%, which is substantial, but not unique (e.g. -53.9% for the United 

Kingdom). Consequently, this thesis is unable to explain France as an outlier compared to the 

other nations. Since no logical or economic arguments are found, France's linear estimates for 

GDP on CO2 are not considered further.  
 

Figure 6.b: Development of Imports as Percentage of GDP (World Bank, n.d.) 
 

 

 

 

 

 



 

[33]:  These researchers also criticized the EKC theory by referring to the pollution haven hypothesis.  
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6.4.2 The Shift between Pre- and Post-Break 

Regarding the remaining countries, this thesis emphasizes the observed increase in linear 

estimate for four samples. These results show that a 1% increase in GDP results in a greater 

increase in CO2 for the post-break datasets, than before the structural breaks. This is surprising, 

considering that each of the six countries shows diminishing CO2 emissions per capita. From 

a logical perspective, one would expect a higher level of environmental efficiency associated 

with economic growth due to technological developments, rising awareness, and more 

available sustainable alternatives. However, it seems that greater economic efficiency, i.e. 

lower production costs, outweigh any environmental improvements. As firms offshore 

production processes to exploit low labor cost environments, the environment suffers. This 

highlights the relevance of a consumption-based measure for CO2 emissions as calculated by 

the Global Carbon Project. Subsequently, the implications of this thesis’ research on the 

relationship between GDP and CO2 emissions are twofold. Firstly, since CO2 emissions are a 

global phenomenon with cross-border implications, institutions aimed at measuring the 

transition towards more sustainable societies are highly encouraged to (continue to) explore 

and utilize consumption-based data. Secondly, in line with the critique on the EKC theory, as 

described by Suri and Chapman (1998) and Eskeland et al. (2013)[33], this thesis finds no 

evidence to support a diminishing environmental burden of economic growth at higher levels 

of GDP. Potential grounds for future research are explored further in section 7.4.  
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6.5 Hypothesis 2 – Crude Oil Prices on CO2 Emissions per Capita 

As outlined previously, this thesis hypothesizes an inverse linear effect of real crude oil prices 

on CO2 emissions per capita. When OIL increases, with all other variables held constant, CO2 

is expected to decrease on average. The main argument behind this is that oil plays an important 

role in energy systems and in the overall economy, for example within transportation, 

electricity, manufacturing, and construction. Consequently, it is logical to assume that an 

increase to the price of oil will result in decreased economic activity and lower subsequent 

emissions. Additionally, when oil prices rise, alternative sources of energy, i.e. substitutes, are 

more likely to be chosen and may prove to be less polluting. 
 

The findings from the econometric analysis provide conflicting results. To summarize, in the 

pre-break subsets, OIL has a positive effect on CO2 for Canada, Italy, and the U.S., while 

negative for the United Kingdom, and yields non-significant estimates for France and 

Germany. Oppositely, the post-break analysis found a positive influence for the U.S., while the 

estimates for Canada, France, and Italy shifted towards an inverse relationship. For Germany 

and the United Kingdom, the effect of OIL on CO2 for the post-break sample was not 

significantly different from zero. These results are summarized in table 6.c below.   
 

Table 6.c: Pre- and Post-Break VECM Results for OIL on CO2 

OIL on CO2 
Pre-Break Post-Break 

Estimate Std. Error Estimate Std. Error 
Canada, lag 1     0.0703*** 0.0256  0.0076 0.0150 
Canada, lag 2 0.0491 0.0264  -0.0282* 0.0166 
Canada, lag 3    0.0542** 0.0255  0.0057 0.0167 
France – lag 1  0.0154 0.0337   -0.0587** 0.0288 
France – lag 2  0.0141 0.0334   -0.0729** 0.0286 
France – lag 3  -0.0001 0.0350 -0.0390 0.0297 

Germany – lag 1  0.0067 0.0171 -0.0343 0.0270 
Germany – lag 2 -0.0017 0.0169 -0.0218 0.0292 
Germany – lag 3 -0.0063 0.0168 -0.0052 0.0292 

Italy – lag 1    0.0515** 0.0217     -0.0598*** 0.0179 
Italy – lag 2 -0.9351 0.0250     -0.0686*** 0.0189 
Italy – lag 3      0.0731*** 0.0263 -0.0194 0.0170 

United Kingdom – lag 1 -0.0175 0.0229 -0.0215 0.0335 
United Kingdom – lag 2     -0.0671*** 0.0234 -0.0056 0.0333 
United Kingdom – lag 3     -0.0683*** 0.0240  0.0164 0.0322 

U.S. – lag 1  0.0185 0.0133 -0.0060 0.0172 
U.S. – lag 2  0.0048 0.0140  0.0064 0.0187 
U.S. – lag 3      0.0338** 0.0142     0.0470** 0.0182 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: The table above is a summarization of multiple VECM models. Consequently, the per-country 

reported adjusted R2 and number of observations are found in appendix H. 



 

[34]:  See for example Hossein et al. (2012), Fuinhas and Marques (2013), and Alshehry and 
Belloumi (2015), who all emphasize the importance of accounting for oil dependency when 
exploring the impact of an oil price increase. 

[35]: The World Bank (n.d.) offers a plot of oil rents as a percentage of GDP, which helps to 
differentiate the analyzed countries.  

[36]: A similar mechanism was found by Nwani (2007) for Ecuador during the period 1971 to 2013. 
He established that as the price of oil rises, income from crude oil sales and subsidies go up, 
which contributes to more energy-intensive consumption with subsequent greater CO2 
emissions. 
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A logical first level of analysis, which aims to explain the positive linear estimates, should 

explore the differences in oil dependency between countries and between pre- and post-break 

datasets. Economies that are more reliant on oil, for export or as a base component for industrial 

production, may respond differently to oil price changes than less oil-dependent nations. 

Previous research found that accounting for income from oil in oil-reliant countries offers a 

much more nuanced explanation of the interlinkages between oil price, economic and 

technological activities, and environmental degradation[34]. 

 

6.5.1 Alternative Estimates 

Within this thesis’ analysis, Canada and the U.S. (and the United Kingdom to a smaller degree) 

stand out as oil producers. This makes their economies more dependent on oil and the income 

gained from it; well-illustrated through oil rents, defined as the profits from the sale of crude 

oil as a percentage of GDP. These oil rents are a much greater contributing factor in the 

economies of Canada, the United Kingdom and the U.S. between 1970 and 2017 than for 

Germany, Italy, and France (World Bank, n.d.)[35]. Whereas pre-break United Kingdom has 

been discussed as an outlier, a plausible explanation is found, based on this oil dependency, for 

two countries with positive estimates, namely Canada pre-break and both U.S. subsets.  

 

This thesis argues that Canada and the U.S. may benefit from an increase to the crude oil price. 

Intuitively, when the price of oil rises, income from oil production goes up. Firms that are 

invested in this sector may subsequently gain greater profits which are invested back into the 

economy. This transmission channel is logically stronger in countries with higher oil rents. 

Similarly, a working paper by the ECB established that macroeconomic development in oil-

exporting countries has been booming during periods of high and rising oil prices until the 

2000s (Sturm et al., 2009). Consequently, this thesis reasons that as crude oil prices increase, 

countries with high oil rents benefit and income rises. Subsequently, this spurs greater levels 

of economic, societal, and technological activity which leads to increased CO2 emissions[36]. 
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Another mechanism causing the alternative-hypothesis results in the pre-break dataset (i.e. 

Canada, Italy and the U.S.) might be that these countries, in times of oil price spikes, show a 

tendency to substitute oil for a more polluting energy source, namely coal. Looking at the fuel 

decomposition (see figure 4.b in section 4.1), evidence of this is found as it shows how in the 

oil crises in 1973 and 1979, these countries shifted from oil to coal consumption. Additionally, 

the absence of greener, or less polluting, energy alternatives during this period may also 

contribute to the positive estimates for the pre-break datasets. These results are in line with 

findings by the U.S. Energy Information Administration (EIA). Their report outlines a 

tendency during the 1970s to substitute oil for coal in times of oil price spikes (EIA, 2012). 

Moreover, policymakers in the 1970s generally encouraged the production of coal instead of 

relatively less polluting energy sources such as gas; highlighted by the Powerplant and 

Industrial Fuel Use Act (PIFUA) which aimed to restrict new natural gas plants and favored 

extending energy capacity through coal (EIA, 2012). These developments are in line with the 

positive estimates found in the VECM. 

 

For Italy, the findings from the pre-break dataset do not have an immediate explanation. Italy 

boasts a positive relationship between OIL and CO2 despite not being an economy reliant on 

oil production nor strongly substitutes it for coal in times of oil price increases, as the other 

countries with positive estimates did. Rather, one potential explanation for the positive 

relationship is Italy's role as one of the largest oil refining centers in Europe and their position 

as a major transit channel for oil, supplying large parts of central and eastern Europe (EIA, 

2017). As an important intermediary, Italy’s economy may benefit because their stored 

(refined/crude) oil increased in value or through greater transit fees due to higher prices. 

Consequently, economic activity may increase with subsequent rising CO2 emissions. 

 

As discussed prior, the pre-break results for the United Kingdom (for OIL, INT, and CPI on 

CO2) are considered irregularities due to the country’s unique, underlying period of austerity 

and reduced fuel consumption. The circumstances surrounding the oil crisis in 1973, with 

subsequent coal miner strikes and three-day electricity weeks, and the deep economic recession 

in the 1980s, with reduced manufacturing output, contribute to the significant inverse 

relationship between OIL and CO2 in the United Kingdom’s pre-break dataset. 
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For pre-break France, post-break United Kingdom and for both of Germany’s datasets, this 

thesis found non-significant results (see table 6.c). Various reasons may cause this. For 

example, one explanation may encompass that an oil price increase and a decrease have 

different effects, causing the non-significant results. Past literature argues that oil price 

decreases and increases differ greatly in terms of the effects (sign and size) on the overall 

economy, see for example Edelstein et al. (2007) or Hamilton (2000). Another potential 

explanation is that there is simply no effect to be measured. However, evaluating the non-

significant estimates for pre- and post-break Germany, one might wonder why a country with 

a massive and influential automotive industry does not show a significant reaction in CO2 

emissions to an increase in oil prices[x1]. However, Germany’s insignificant estimates arguably 

make sense from a fuel type decomposition perspective. Relatively speaking, Germany is the 

least dependent on oil, making up 36% of its decomposition in 1970 and 36% in 2017, thus 

appearing non-responsive to changing circumstances. Alternatively, the United Kingdom’s 

post-break time period is characterized by a strong decline in CO2 emissions, which is mostly 

contributable to their efforts to lower their dependency on coal rather than any shifts in their 

oil consumption[x2]. These conditions may explain why the OIL estimates for Germany and 

post-break United Kingdom are non-significant since oil price fluctuations may have a limited 

or overshadowed influence on CO2 emissions and the fuel type distribution.  
 

6.5.2 The Shift between Pre- and Post-Break 

Following the interpretation of the non-hypothesized and non-significant estimates, it becomes 

relevant to explore the general shift (from negative to positive effects) following each dataset’s 

structural change. From the VECM results, Canada, France, and Italy stand out as the countries 

with positive post-break estimates for OIL. 

 

From an economic theory perspective, an explanation for this shift could be that the elasticity 

of substitution for oil has changed over the years. Namely, the usage of oil may vary as its 

relative price (to its substitutes) changes; potentially making it easier for consumers to switch 

to other energy sources. In line with findings from the previously mentioned EIA (2012) who 

explored energy substitutes, the pre-break datasets are characterized by a period where fuel 

alternatives were likely to be equally or more polluting than oil. Similarly, the fuel 

decomposition shows that when the energy mix shifts away from oil, relative emissions from 

both coal and gas increase for the pre-break dataset, while only gas substitution occurs post-

break.
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Overall, the post-break period offers more sustainable (i.e. less polluting) energy substitutes 

for oil, for example biofuels and renewables. Subsequently, as hypothesized, CO2 may decrease 

when OIL increases. Papageorgiou et al. (2017) used a relatively similar time sample compared 

to the post-break period (between 1995 and 2009) to investigate the substitution between clean 

and dirty energy inputs. They found that the elasticity of substitution between these two 

alternatives showed that consumers are likely to switch to cleaner energy sources when the 

price of dirty energy increases. Although this may explain how the effect signs change, it does 

not answer why these alternatives have become more available.  

 

In comparison to the 1970s, there has been an increase to the available substitutes for oil. Much 

due to the advancement of technology and knowledge, renewable resources are more easily 

available than before (Sathaye et al., 2011). Furthermore, in consumer surveys, a majority of 

the respondents state that they would prefer renewable energy sources over fossil fuels (Bull, 

2001). These findings emphasize the sociopolitical trend which has described more extensively 

in chapter 1. From an investment perspective, the upfront capital requirements to finance the 

transition to renewable energies are high. Consequently, it has taken considerable time (and 

may take even longer) for the economies of scale to kick in, which allow renewables to compete 

effectively with the price of fossil fuels (Bull, 2001). Lastly, recent decades have experienced 

an increase in the number of governments launching ambitious goals to smoothen the transition 

to a more sustainable society (Plumer et al, 2019). To achieve these goals, many governments 

turn to subsidizing clean energy sources for households and companies. Consequently, with 

the right fiscal incentives, the transition to renewables may be accelerated.  

 

Overall, this thesis has found conflicting results regarding the effects of OIL on CO2. Foremost, 

the pre-break datasets are defined by increases to CO2 emissions when crude oil prices spike, 

due to greater economic activity and a lack of clean alternatives (a relationship which appears 

to persist for the U.S.). Oppositely, the majority of significant estimates post-break indicate an 

inverse relationship between OIL and CO2. This observed shift is underlined as particularly 

interesting. Based on differences in the pre- and post-break fuel decomposition and expanding 

possibilities for the substitution of oil, this thesis finds arguments to explain the differences 

between the pre- and post-break datasets. These substitution effects may be particularly 

interesting from a policy perspective. Namely, an increase to the price of oil, ceteris paribus, 

is found to result in lower CO2 emissions in more recent years. Consequently, this may be 

indicative of the effectiveness of a carbon tax or a sustainable energy subsidy. 



 

[37]:  These sources are provided in-text in the subsequent paragraphs.  
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6.6 Hypothesis 3 – Annual Growth Rate of CPI on CO2 Emissions per Capita 

Although the direct influences of changes to the rate of inflation, measured through CPI in this 

thesis, on CO2 emissions has not been researched much, assuming consumption as a transition 

channel yields far greater results. Foremost, the relationship between (consumer/household) 

consumption and CO2 emissions has been the focus of numerous academic papers. To 

illustrate, Davis and Caldeira (2010) outlined the necessity to directly link CO2 emissions to 

consumption to remove the inherent bias of production offshoring. In a similar approach, as 

discussed prior, this thesis underlines the relevance of consumption-based CO2 emissions. 

Comparably, Munksgaard et al. (2000) found evidence that increases in private consumption 

of energy and other commodities is the “main driving force behind growth in CO2 emissions” 

(p. 436), while accounting for changes in the composition of consumption. Subsequently, it 

appears reasonable to assume that any correlation between the CPI growth rate and the 

consumption of energy, fuel, or other commodities may yield a similar relationship/sign when 

extending this relationship to CO2 emissions. 

 

The relationship between inflation and consumption has led to numerous papers[37], often 

indicating conflicting results. In essence, there are two traditional views on this relationship. 

Namely, economists argued that an expected increase in prices promotes a rise in expenditures 

now (Juster & Wachtel, 1974; Springer, 1977), thus suggesting a positive effect. Alternatively, 

(economic) psychologists and sociologists suggest that (rapidly) rising prices are associated 

with uncertainty and economic instability and cause a negative impact on consumer 

confidence, therefore yielding diminishing consumption rates (Deaton, 1977; Howard, 1978). 

Both views have expanded over time, incorporating distinctions between anticipated and 

unanticipated inflation and alternating effects on the consumption of durables and nondurables. 

As discussed in the theory section, this thesis’ hypothesis builds on the idea that (small) 

increases to the price level signal a healthy and growing economy, which is in line with 

inflation-targeting strategies (ECB, n.d.). The results from the VECM analysis are employed 

to test the hypothesis of a positive relationship between CPI and CO2. The findings of the 

econometric analysis are summarized in table 6.d. 

 



 

[38]:  The only exception to this consistency is pre-break United Kingdom. Especially the recession 
in 1980/1981, as described in section 6.2, is relevant for the effects of CPI. Following severe 
austerity policies, unemployment rose, whilst consumer spending, investments and exports 
went down. This thesis finds that this period is marked by a drop in CPI, from 20% to 5%, and 
a drastic reduction in CO2, namely decreasing by 16.9% over the same period (1979 to 1984). 
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Table 6.d: Pre- and Post-Break VECM Results for CPI on CO2 

CPI on CO2 
Pre-Break Post-Break 

Estimate Std. Error Estimate Std. Error 
Canada, lag 1  0.0045 0.0056  0.0007 0.0036 
Canada, lag 2  0.0076 0.0600  0.0018 0.0038 
Canada, lag 3  0.0036 0.0053  0.0044 0.0040 
France – lag 1 -0.0094 0.0083    0.0237** 0.0101 
France – lag 2 -0.0021 0.0083    0.0242** 0.0099 
France – lag 3  -0.0118 0.0074  0.0079 0.0098 

Germany – lag 1    -0.0104** 0.0049    0.0223** 0.0105 
Germany – lag 2 -0.0088 0.0053  0.0192 0.0110 
Germany – lag 3 -0.0070 0.0053  0.0102 0.0116 

Italy – lag 1 -0.0030 0.0029     0.0357*** 0.0074 
Italy – lag 2 -0.0024 0.0029  0.0043 0.0073 
Italy – lag 3      -0.0090*** 0.0025 -0.0050 0.0069 

United Kingdom – lag 1     0.0060** 0.0026 -0.0001 0.0122 
United Kingdom – lag 2 -0.0013 0.0028  0.0111 0.0117 
United Kingdom – lag 3  0.00002 0.0024 -0.0069 0.0111 

U.S. – lag 1 -0.0037 0.0031  0.0009 0.0038 
U.S. – lag 2 -0.0050 0.0032 -0.0025 0.0038 
U.S. – lag 3     -0.0068** 0.0032  0.0007 0.0035 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: The table above is a summarization of multiple VECM models. Consequently, the per-country 

reported adjusted R2 and number of observations are found in appendix H.  
 

 

The findings above suggest conflicting results across countries and between the pre- and post-

break datasets. Namely, the VECM provides negative linear estimates for CPI on CO2 for 

Germany, Italy, and the U.S. in their pre-break datasets. Oppositely, for pre-break United 

Kingdom and all the significant estimates after the structural change (France, Germany, and 

Italy), evidence of a positive relationship is found (as hypothesized). Subsequently, this raises 

two important questions. First, what is the macroeconomic context that characterizes the pre-

break period and causes the reasonably consistent negative estimates[38]? Secondly, how have 

these conditions, which have subsequently led to the positive relationship in more recent years, 

shifted over time? 



 

[39]:  See for example Bohi (1981), Espey (1996), and Graham and Glaister (2002) for previous 
attempts to outline this income elasticity of fuel demand. Each paper concludes that when 
disposable income decreases, fuel consumption follows to some degree.  

87 

The previously hypothesized relationship between CPI and CO2 appears to find coherent 

support among three out of the six post-break subsets. Moreover, for these countries, the first 

lagged estimate of CPI (for France lag-2 as well) are significant. This suggests that the effects 

of changes to the annual growth rate of CPI are consistently seen after one period, i.e. one 

quarter. Consequently, this paper argues that the hypothesized relationship between CPI and 

CO2, as discussed through economic theory in an earlier section of this thesis, holds true for 

the post-break period.  
 

6.6.1 Alternative Estimates 

As discussed under the hypothesis for OIL, non-significant results may be attributable to a 

number of reasons. Although it is not within the scope of this paper to pinpoint these precisely, 

past literature yields some examples, for example the asymmetric effects of price changes. 

Baqaee (2019) found evidence of such an effect of inflation on household expectations and 

wage levels. Within his analysis, Baqaee outlines the rigidity of wages (i.e. sticky) when 

exposed to deflation while responding non-rigid to price increases. This makes sense intuitively 

since workers are likely reluctant to lower their wages but often happy to raise them when 

applicable. Similar asymmetric results are uncovered in earlier literature exploring low 

inflation (Akerlof et al., 1996), recessions (Bewley, 1999), and wages (Dickens et al., 2007; 

Barattieri et al., 2014). These asymmetries may contribute to the VECM’s inability to find 

consistent and significant linear estimates within this analysis.   

 

Alternatively, non-significant estimates may be contributable to opposing, simultaneous 

effects. In line with arguments provided by Springer (1977), increases to the price level can 

also be considered from the perspective of decreases to disposable income. Logically, when 

the price of everyday life goods increases and available (remaining) income falls, the 

consumption of CO2-emitting commodities, like fuel, may decrease too. This relationship 

directly opposes the previously hypothesized effects of CPI[39]. 
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A comparison between pre- and post-break CPI time series provides the fundamentals to 

understand why the effect of CPI on CO2 is different before the structural change. Foremost, 

the volatility of the data before the structural change is much higher than after. For the U.S., 

the variance of CPI shifts from 10.27 (pre-break) to 1.22 (post-break). These changes are 

consistent among all countries. Due to the high volatility, this thesis argues that a similar level 

of uncertainty may coincide with the price level. This uncertainty regarding future prices may 

subsequently have a dampening effect on aggregate consumption, comparable to the effects of 

diminishing consumer confidence. Similarly, Juster and Wachtel (1974) and Springer (1977) 

argue that where consistent and anticipated inflation yields a positive effect on consumption, 

unanticipated increases to the price level will have an opposite effect. This line of reasoning 

resonates with the sociological argument introduced earlier, which outlined the inverse 

relationship between inflation and consumer optimism. Consumer sentiment surveys have 

historically served as a tool to measure general consumer confidence (Katona, 1960). Examples 

of such surveys include those by the Conference Board (n.d.) and the European Commission 

(n.d.c) and by corporations such as McKinsey (n.d.) and PWC (n.d.). According to these 

surveys, consumers associate (unanticipated) rising prices with worsening economic 

conditions. When consumers believe that the rate of price increases outpaces that of income, 

pessimism rises (Juster & Wachtel, 1974). As such, this thesis argues that negative linear 

estimates are found for most pre-break datasets because increases to CPI are associated with 

greater economic instability and uncertainty, which lowers the willingness to consume 

(Acemoglu & Scott, 1994. To add weight to this argument, figure 6.e plots the development of 

the annual growth rate of CPI and the consumer confidence index for the U.S. for the period 

between 1970 and 1990. This plot provides a clear indication of their inverse relationship. 
 

Figure 6.e: CPI growth rate (top) and Consumer Confidence (bottom) plots for  
the U.S. between 1970 and 1990. Data sourced from the OECD (n.d.) 
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6.6.2 The Shift between Pre- and Post-Break 

Whereas the previous paragraphs explored the underlying trend in uncertainty that caused the 

pre-break estimates for CPI to be negative, they did not explain why the shift towards the 

positive effects occurred, i.e. what caused the relationship to shift? According to theory, when 

consumers trust central banks to maintain a stable growth rate of CPI, their inflation 

expectations are said to be anchored (Bernanke, 2007; ECB, 2020). This creates times of low 

uncertainty and high confidence among households and businesses, which subsequently spurs 

aggregate consumption. To illustrate, figure 6.6e helps to emphasize this relationship.  
 

The same rationale is behind the strategy of inflation targeting, which is the primary mandate 

pursued by the majority of central banks today (Blanchard et al., 2010). The concept of inflation 

targeting to achieve price stability became especially popular to central banks after the high 

levels of inflation during the 1970s. For the majority of central banks, an annualized inflation 

rate of approximately 2% is targeted. If consumers and businesses have confidence in a 

consistent price increase every year, they are better able to plan their investments and 

purchases. Logically, this confidence in price stability is far-sought when the average inflation 

rate is high or very volatile. Consequently, this thesis argues that price stability seeking 

monetary strategies, pursued by central banks since the 1980s, have led to “well-anchored” 

consumer expectations regarding future prices. Finally, when expectations are well-anchored 

and central banks are entrusted to maintain a stable inflation rate, consumers are in the position 

to make more rational consumption choices. Subsequently, the hypothesized transmission 

channels (see section 3.4) may take hold. Namely, when the prices are expected to increase in 

the future (CPI increases), aggregate demand in the current period is spurred, leading to higher 

CO2 emissions.  
 

In summarization, this thesis has found evidence for its hypothesis in the post-break period, 

where, on average, increases to CPI are resulted in higher CO2 emissions, holding all other 

factors constant. In line with previous research by Springer (1972; 1977), this relationship 

holds when inflation is non-volatile and therefore assumed to be reasonably expected. These 

conditions of price stability coincide with inflation targeting strategies by central banks and the 

subsequent anchoring of expectations. In the context of high volatility and uncertainty, which 

characterizes the pre-break samples, a sociological effect takes over, resulting in decreased 

aggregate consumption and subsequent lower emissions when prices rise. Noteworthy, both 

the pre- and post-break transmissions channels for CPI on CO2 run through consumption. 
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6.7 Hypothesis 4 – Nominal Interest Rates on CO2 Emissions per Capita 
Prior, in the theory section, this thesis argued for an inverse relationship between nominal 

interest rates and CO2 emissions per capita. According to economic theory, INT is assumed to 

affect CO2 through its influence on aggregate consumption. Namely, as nominal interest rates 

are lowered, the cost of borrowing money decreases with subsequent increases to investments 

and consumption, which in turn leads to higher CO2 emissions. This narrative is in line with 

traditional views on the transmission channels from interest rates to the rest of the economy, 

as argued previously in section 3.5. With regards to the econometric analysis, the findings from 

the VECM are summarized in table 6.f below.  

 

 

Table 6.f: Pre- and Post-Break VECM Results for INT on CO2 

INT on CO2 
Pre-Break Post-Break 

Estimate Std. Error Estimate Std. Error 
Canada, lag 1 -0.0029 0.0018  0.0030 0.0039 
Canada, lag 2   -0.0057** 0.0024  0.0055 0.0038 
Canada, lag 3    -0.0076*** 0.0024   0.0063* 0.0037 
France – lag 1 -0.0030 0.0042  0.0085 0.0182 
France – lag 2 -0.0001 0.0043  0.0167 0.0203 
France – lag 3   0.0013 0.0044  0.0001 0.0174 

Germany – lag 1  0.0096 0.0074 -0.0046 0.0189 
Germany – lag 2  0.0075 0.0075  0.0061 0.0199 
Germany – lag 3 -0.0001 0.0064  0.0028 0.0174 

Italy – lag 1   -0.00002 0.0045 -0.0034 0.0093 
Italy – lag 2 -0.0001 0.0045 -0.0089 0.0091 
Italy – lag 3  -0.0010 0.0041 -0.0135 0.0087 

United Kingdom – lag 1  0.0002 0.0031 -0.0065 0.0149 
United Kingdom – lag 2 -0.0029 0.0032 -0.0074 0.0179 
United Kingdom – lag 3    0.0067** 0.0032   0.0281* 0.0145 

U.S. – lag 1 -0.0026 0.0018  0.0051 0.0077 
U.S. – lag 2     -0.0054*** 0.0016 -0.0016 0.0090 
U.S. – lag 3      -0.0052*** 0.0017 -0.0009 0.0073 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: The table above is a summarization of multiple VECM models. Consequently, the per-country 

reported adjusted R2 and number of observations are found in appendix H.  
 



 

[40]:  A brief reminder, in five out of eight countries, the adjusted R2 increased after including 
nominal interest rates in the OLS model. Compared to the other independent variables, INT 
contributed the least to the overall model fit. See section 4.5. 
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Overall, it is immediately apparent that a limited number of significant estimates are found. 

This is in line with the findings from the OLS and the VAR, suggesting a weak relationship 

between INT and CO2. For pre-break Canada and the U.S., this thesis finds that lower INT 

results, on average, in higher CO2. This thesis argues for this effect through the transmission 

channel of raised aggregate demand, as discussed in section 3.5. The substitution effect 

between consumption and savings, as outlined in the theory and hypotheses section, helps to 

explain this intermediary step. For the post-break Canada and for both datasets of the United 

Kingdom, opposite results are found which would reject the formulated hypothesis. Oppositely, 

France, Germany, and Italy show no significant results in either period. Lastly, all significant 

estimates occurred in either lag two or lag three. In addition to this, nominal interest rate had a 

significant ec-term in all of the six countries, with a value ranging between -1 and 0, thus 

showing a stable contribution to the long-run relationships.  

 

This thesis finds a general shift towards positive estimates for the countries with significant 

results. The estimate for the United Kingdom is positive pre-break but grows approximately 

threefold while those for Canada and the U.S. shift from negative to positive and negative to 

non-significant respectively. Despite these significant results, most statistical relationships 

between INT and CO2 are non-significant. Consequently, this raises two important questions. 

Firstly, what factors contribute to the high number of non-significant linear estimates? Next, 

what causes the inverse effect of nominal interest rates on CO2 emissions to turn positive? 

 

6.7.1 Alternative Estimates 

Whereas the positive estimates for pre-break United Kingdom have been discussed to some 

length in an earlier section of this discussion, the numerous non-significant linear estimates for 

INT on CO2 demand a greater level of analysis. Foremost, these results are perhaps not fully 

unexpected. Output from the OLS suggested that INT added the least to the overall model fit 

(adjusted R2) compared to the other variables[40]. Although non-significant estimates may 

appear a setback, they should be viewed as a sign that future research on the topic should be 

made. Consequently, this thesis strives to find possible explanations to the causes of these non-

significant coefficients. 



 

[41]: To illustrate the delayed effects, Gerlach and Svensson (2001) state that the ECB accounts for 
an approximate 18-month lag between interest rate changes and inflation in the euro area. 

[42]:  As noted previously, these IRF plots have been excluded from the appendix due to space 
restrictions but are available upon request.  

[43]:  The difference in the absolute value and stability of nominal interest rate is observable in this 
thesis through the variable’s mean and variance which are 8.49 and 9.10 for pre-break U.S. 
versus 2.76 and 4.80 after the structural change respectively. 
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Foremost, basic logic suggests that possibly no relationship exists between the two variables. 

However, apart from two subsets (post-break Germany and the United Kingdom), all data 

samples show significant ec-terms between -1 and 0 for INT. These results indicate that the 

variable contributes to the cointegration relationship and affects the other variables in the long-

run. Similarly, for each country with significant linear estimates, the effects are only seen for 

the lag-2 and lag-3 measures of INT on CO2, hence indicating a longer time horizon. This 

lagged effect of nominal interest rate is well-documented in economic theory and literature. 

Namely, it takes time for nominal interest rates (set by central banks) to influence the rates of 

financial intermediaries, such as commercial banks (Friedman, 1972; Nelson, 2001), to 

subsequently affect aggregate demand (Lowe, 1995), and finally (in this thesis) impact CO2 

emissions[41]. 

 

Simultaneously, this thesis observes diminishing speed of adjustment parameters (ec-terms) 

for nominal interest rates after the structural break. This suggests that the variable may respond 

to a lesser degree to deviations in the long-run equilibrium. Similar results are found in the 

innovation accounting graphs. Regarding the FEVDs, findings indicate that INT becomes less 

important in predicting the uncertainty of CO2 between the pre- and post-break datasets for 

Canada, France, Italy, the United Kingdom, and the U.S. (see appendix J). Comparably, the 

IRFs show that the impact of a shock to nominal interest rate on CO2 emissions diminishes 

after the break dates[42]. According to academic literature, in times of persistently low nominal 

interest rates, monetary policy has proven to be weaker in its effect on both investments and 

consumption (Saldías, 2017; Borio et al., 2017). This may seem counterintuitive, namely that 

periods with low interest rates suppress aggregate demand. However, these findings are argued 

through so-called non-linearities in the effect of interest rates, with prolonged times of low 

interest rates making monetary policy inefficient[43]. Consequently, these nonlinearities may 

contribute to the non-significant results and could explain why five significant effects were 

found pre-break, compared to two post-break.  

 



 

[44]:  See for example Eyraud et al. (2011), who found that a low interest rate environment stimulates 
green investments by firms. Here, ‘green’ refers to the necessary investments to lower 
greenhouse gas emissions, without having to compromise on production or consumption of 
other, non-energy related resources. 
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6.7.2 The Shift between Pre- and Post-Break 

Rather than exploring the positive post-break estimates as alternative results, the following 

paragraphs strive to investigate these findings by explaining the shifting effects of INT on CO2 

after the structural breaks. A possible explanation might be a “greener” investment focus of 

firms. Intuitively, this makes sense when comparing the pre- to post-break periods. Recent 

decades are characterized by a general shift towards a more sustainable sociopolitical agenda 

with numerous initiatives launched by policymakers (Eyraud et al., 2011). This trend is 

exemplified by the number of sustainable policy targets aimed at greener investments, which 

have almost doubled between 2005 and 2010 (Sawin et al., 2010). Similarly, listed companies 

on stock market and many large multinationals have shown steady improvements with regards 

to their environmental accountability and responsibility (Kolk, 2008). This transition also 

spurred academic research[44]. As mentioned in an earlier section of this discussion, the 

transition towards a low carbon emissions society requires investments in cleaner energy 

sources with large capital requirements upfront (Bull, 2001). As such, the previously 

mentioned trend in sustainability may suggest that easier access to funding, through a lowering 

of INT, may enhance innovation and steer firms into investing in sustainable alternatives, thus 

leading to a decrease in CO2. 

 

The previous arguments regarding a sociopolitical transition and greener investments may 

contribute to the observed shift towards positive linear estimates. However, what sets Canada 

and the United Kingdom apart from the other four countries (since only they possess significant 

positive coefficients post-break)? The answer to this puzzle is twofold. Foremost, De Haas and 

Popov (2019), in a working paper for the ECB, investigated the link between the financial 

structure and the development of CO2 emissions for a large set of countries. Results suggested 

that in countries with more developed financial markets, in which firms are relatively more 

equity-funded than through credit markets (i.e. companies turn to the stock market for capital, 

rather than bank loans), investments get allocated towards less polluting industries and sectors. 

Moreover, De Haas and Popov (2019) found that well-integrated stock markets tend to push 

firms into developing greener and less polluting technologies. In order words, businesses who 

fund their investments through stock markets are incentivized to innovate and develop greener 

technologies (De Haas & Popov, 2019).  
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From an ethical and corporate social responsibility (CSR) perspective, the previous argument 

makes sense since publicly traded firms bear a responsibility towards all their shareholders and 

may act more responsibly as an environmentally friendly company (Bénabou & Tirole, 2010). 

However, this thesis does not directly account for the structure of financial markets. 

Nonetheless, the close link between interest rates and equity markets has been the focus of 

much research. Papers by Pearce et al. (1985), Sellin (2001), and Thorbecke (1997) find that 

changes in the nominal interest rate have a significant and inverse relationship with stock 

prices. Thus, as nominal interest rates decrease, stock prices tend to rise and equity-funded 

firms (which tend to invest more in sustainable innovations) may gain capital for investments. 

Interestingly, the paper by De Haas and Popov (2019) found that, out of the six countries of 

this thesis, precisely Canada and the United Kingdom stood out. Namely, they compared firms’ 

equity to total (credit and equity) financing and found that this ratio was considerably higher 

for Canada and the United Kingdom than for the other four countries of this thesis. 

 

In conclusion, this thesis argues that the overall sociopolitical trend towards a more sustainable 

agenda, and its influences on green investments (for Canada and the United Kingdom 

specifically), are at the root of the observed shift from negative to positive linear estimates in 

the pre- and post-break VECM analyses. This argument also highlights the relevance of 

external financing for firms to make the transition to greener technologies which in turn would 

lead to lower levels of CO2 emissions. Moreover, evidence is found which suggests that a 

change in INT takes multiple quarters to affect CO2. This conclusion seems reasonable when 

exploring relatively long transmission channels and past academic literature. Furthermore, the 

ec-terms and findings from the FEVDs and IRFs appear to suggest a non-linearity in the effects 

of nominal interest rates. Jointly, these findings posit that regardless of the limited significant 

linear estimates, the effects of INT are not negligible but require a longer time horizon and may 

depend strongly on its absolute ‘starting level’.  

 

To finalize the discussion section of this thesis, table K.1 in appendix K summarizes the 

observed effects per independent variable, by period and their relation to the formulated 

hypotheses. 
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7. Conclusion 

 

This final concluding part of the thesis aims to summarize the econometric analysis while 

comparing the obtained results to the research question and hypotheses. Any observed 

differences are explored in light of economic theory, historic events, macroeconomic 

developments, and sociopolitical trends. Following this summary, this chapter will present 

several implications for policymakers, the business community, and academics. These 

implications will build on the most interesting findings of this thesis. In other words, is it 

possible to learn from the past, going into the future? As a final elements, the overall limitations 

of this thesis and topics for future research are also discussed.  

 

7.1 Summary of the Analysis 

This thesis studied the effects of four macroeconomic contributors on consumption-based CO2 

emissions. The motivation for this topic is driven by the ongoing debate connecting 

sustainability to the rest of the economy. In recent months, the effects of economic activity on 

CO2 emissions has become more evident as countries are forced to shut down due to the Covid-

19 pandemic. The subsequent carbon crash emphasizes the man-made contribution to CO2 

emissions as everyday life is interrupted. Where previous well-established research explored 

the impact of climate change on variables such as economic growth, this thesis pursues an 

opposite perspective, namely how are CO2 emissions affected by the macroeconomy?  

 

To explore the relationship between macroeconomics and CO2 emissions, a broad scope has 

been chosen to detect differences, shifts, and similarities between countries and time periods. 

An important contribution of this thesis builds on the choices and calculations regarding the 

dependent variable, i.e. CO2 emissions. To investigate the effects of the chosen macroeconomic 

variables on CO2 emissions, an OLS model was applied first, which was argued to be 

inadequate since important relationships were lost. Thus, a more dynamic approach was 

necessary. The VAR model was then considered, which developed into a VECM after 

cointegration was found.  

 



 

 

96 

Through these previous aspects, this thesis adds to economic literature on sustainability in three 

ways. First of all, the consumption-based measure for CO2 emissions is defined to account for 

the effects of production offshoring and the global waste trade. These are two common 

consequences of today’s highly globalized world. Corporations seek location-based advantages 

to limit labor costs or avoid highly regulatory environments. As a consequence, domestic 

economic gains do not translate into global environmental efficiencies. This highlights the need 

to look at CO2 emissions from a consumption-based perspective. Secondly, as mentioned, 

sustainability is approached differently compared to well-established papers by exploring the 

macroeconomic contributors to CO2 emissions rather than the effects of climate change on 

concepts like economic growth. Thirdly, this thesis explores a broader dataset, i.e. multiple 

well-developed countries and a long time period, and applies a robust econometric analysis 

which accounts for dynamic (feedback) effects and cointegration.  

 
The research question of this thesis is: How does the relationship between CO2 emissions and 

GDP, crude oil prices, inflation, and nominal interest rates differ between countries and time 

periods? To steer the econometric analysis and the subsequent discussion in pursuit of this 

research question, four hypotheses were formulated. The sign and significance level of the 

VECM-output was then compared to these hypothesized relationships and their underlying 

economic theory. To explain shifts and differences, this thesis explored economic, 

sociopolitical, and technological trends which affect CO2 emissions to underline important 

changes between countries and time periods.  

 

Prior to further econometric results, this thesis excluded China and Japan from further analysis. 

Due to the rapid economic development in China and the near-zero levels of inflation and 

nominal interest rate in Japan for the post-break period, these countries become incomparable 

within the chosen econometric model. 

 

Before going into the VECM, this thesis explored the overall relevance of CO2 emissions in a 

macroeconomic context. For this purpose, IRF and FEVD plots and Granger-causality tests 

were applied. Although the IRFs were unable to highlight any consistency among countries, it 

became clear that CO2 responds to shocks to the independent variables. Additionally, the 

FEVDs showed two important results. 



 

[44]: This refers to the number of datasets in which the non-causal null hypothesis of the Granger-
causality test can be rejected. 

[45]: Where GDP Granger-causes CO2 in 10 out of 12 datasets, the reverse Granger-causality holds 
for 8 samples. 

[46]:  Oppositely, the results of some of the countries’ VAR models showed different, yet significant, 
estimates for the same variable. For example, the lag-1 and lag-4 measures for CPI in the post-
break U.S. dataset indicate a positive and inverse relationship respectively. 
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Firstly, the distribution of variables coincided with the shifts in significance among the linear 

estimates of the VECM, which adds validity to the overall findings. Secondly, the FEVDs 

reveal that in further periods ahead, more of the uncertainty in CO2 is explained by the other 

variables, i.e. these variables become more important in determining future values of CO2. As 

summarized in section 5.6, the results from the Granger-causality tests indicate that GDP holds 

the highest degree of predictive power over CO2, with OIL, CPI, and INT showing 

approximately the same number of Granger-causal links[44] (6, 6, and 7 out of 12 respectively). 

Turning the relationship around, CO2 is only found to Granger-cause GDP[45]. These 

observations indicate that the macroeconomic variables hold predictive power over CO2, while 

the opposite is only true for CO2 on GDP. This emphasizes the perspective of this thesis which 

argued for CO2 emissions as the dependent variable and consequence (macro)economic 

activity. As such, the results from the previous three tests demonstrate that it makes sense, from 

a statistical perspective, to explore CO2 emissions as the dependent variable in a 

macroeconomic context, while limited support is found to include CO2 as an independent 

factor.  

 

From a more general perspective on the VECM output, two findings stand out. Foremost, 

within countries, there are no conflicting estimate signs per independent variable, i.e. each 

lagged value has the same (+ / -) or a non-significant effect on CO2. This suggests that the 

VECM models are robust and the results are considered valid[46]. Secondly, this thesis found 

general tendencies per period for all countries, meaning that all significant relationships often 

possessed the same sign. This is interesting because it indicates that CO2 emissions are affected 

in a similar way for six of the G7 countries (since Japan was previously excluded from the 

analysis). As such, it is reasonable to assume that these relationships between variables also 

exist outside the sample, i.e. for other well-developed economies. In the next paragraphs a 

response is formulated based on the summary of econometric results per hypothesis. In this 

conclusions, the outliers of this thesis, namely pre-break United Kingdom for OIL, CPI, and 

INT, post-break U.S. OIL, and post-break France GDP, are excluded (see section 6.2).  

 



 

[47]: Since GDP and CO2 are both measured in natural logarithms, an elasticity is calculated. The 
increased estimated sizes suggest that the elasticity increased, i.e. CO2 responds more to a shift 
in GDP after the structural break. 

[48]: To compare, the pre-break period is characterized by high levels of uncertainty which are 
closely linked to the highly volatile developments in inflation (see figure 6.e in section 6.6.1). 
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With regards to effects of the independent variables on CO2, the following paragraphs will 

outline whether the VECM results coincide with or contradict the formulated hypotheses. More 

detailed interpretations as to why and their general implications are discussed in section 7.2. 

For GDP, the hypothesized relationship holds for both pre- and post-break datasets. These 

results emphasize the previously discussed link between economic activity and CO2 emissions. 

Comparing the pre- and post-break datasets, this thesis observes an overall increase in the 

estimate sizes. This suggests that a 1% increase in GDP results, on average and keeping all 

other factors constant, in a higher percentage increase in CO2 post-break than pre-break[47]. 

Interestingly, these findings go against EKC theory which argues that at higher rates of per 

capita income, economic growth leads to a decline in emissions.  

 

Regarding OIL, a general tendency is observed between countries. Whereas the pre-break 

period is characterized by an inverse relationship between OIL and CO2, this effect shifts a 

positive one (in line with the hypothesis) after the structural break. This thesis has argued that 

this change is predominantly due to a shifting availability of cleaner energy sources. Where the 

pre-break substitute for oil was either non-existent or coal (i.e. more polluting), the negative 

estimates post-break suggest that as oil prices increase, consumption of oil decreases, in favor 

of either no demand or less harmful alternatives, leading to lower CO2 emissions. This tendency 

is also noticeable in the United Kingdom’s fuel decomposition graph in section 4.1. 

 

For CPI, the VECM showed contradicting results among countries and between periods. The 

observed inverse relationships pre-break, which are opposite to the hypothesis for CPI, indicate 

that as CPI increases, aggregate demand decreases and CO2 emissions go down. These 

estimates shift towards the hypothesized positive effects for the post-break datasets. This thesis 

has argued for these differences based on the volatility of CPI. The explanation behind the high 

volatility pre-break and overall price stability post-break is attributed to the efforts by central 

banks. Since the 1970s, inflation has been brought down considerably through the shift in 

monetary policy, resulting in greater trust in the stability of price changes, i.e. the anchoring of 

inflation expectations[48]. This has led to a more rational approach to price increases, where for 

example consumers opt to spend money now when inflation (CPI) increases, rather than save 

for the possibility of future consumption. Thus, for the post-break period, keeping all other 

variables equal, an increase to CPI leads to an average increase in CO2 emissions.  

 



 

[49]:  See for example Friedman (1972) and Nelson (2001), who outline that inherently monetary 
policy works with a lag. 
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Lastly, with regards to INT, the results of the econometric analysis show that the effects of INT 

on CO2 turn from the hypothesized inverse relationship to a positive one after the structural 

change. However, more notably, few countries possess significant linear estimates, while for 

almost every dataset, INT contributes significantly to the long-run cointegration relationship. 

Furthermore, significant estimates are only found for the lag-3 coefficients. These findings 

suggest a longer duration before the effects of a nominal interest rate change are observable[49]. 

This thesis argued for these results by outlining the long transmission channel between nominal 

interest rates and CO2 emissions. The shift in estimate sign between pre- and post-break 

datasets was explained through the growing trend in sustainability and, for Canada and the 

United Kingdom specifically, the link between green investments and stock markets. Through 

these transmission channels, the post-break VECM output indicates that a one-unit increase in 

INT results on average in an increase in CO2. 

 

Returning to the research question, regarding how results differ between datasets, this thesis 

finds evidence that countries possess similar relationships between the macroeconomic 

variables and CO2 emissions per time period. This consistency between countries indicates that 

a certain degree of generalizability to similar economies outside the data sample may be 

possible. For example, this means that an increase to GDP per capita, keeping all other factors 

constant, is expected to result in a rise in CO2 emissions per capita for most well-developed 

economies. When instead looking at the change over time, i.e. between periods, different 

results are found. A shift occurs for all of the independent variables, where the estimate sign 

for GDP remains constant but changes in size. This underlines that the macroeconomic context, 

i.e. 1970 to 1990s versus 1990s to 2017, is highly relevant for the observed effects. 

Consequently, this thesis has established how the effects of the chosen macroeconomic 

indicators on the consumption-based CO2 emissions differ between the analyzed countries and 

time periods. 



 

[50]: Typical economic growth model predict an annual increase to GDP of approximately 2-3% 
(Romer, 2012). 

[51]: See for example the article by Desai (2018) for the World Economic Forum which argues 
how the environment needs to be factored into macroeconomic and financial systems to avoid 
a downward spiraling trend. 
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7.2 Implications 

Where the overall relevance of CO2 emissions in a macroeconomic context has been discussed 

already, the following sections will explore the implications of the econometric results. These 

conclusions are categorized per independent variable and discuss key take-aways for 

policymakers, businesses, academics, and society as a whole.  

 

7.2.1 The Rising Impact of GDP Growth 

First of all, the relevance of a consumption-based measure for CO2 emissions has been 

discussed extensively. As developed economies offshore their manufacturing processes and 

instead focus on service-related sectors, their territory-based CO2 emissions are likely to drop. 

However, this is an unfair distribution of CO2 emissions. It is perhaps unsurprising that after 

adjustments for consumption, a positive relationship is found between GDP and CO2 

emissions. Moreover, this effect has increased in size after the structural breaks, i.e. since the 

1990s, which means that an increase in GDP leads to a bigger percentile change in CO2 post 

break than pre-break.  

 

Despite technological developments, the carbon footprint of an increase to GDP does not seem 

to have improved after the structural break. With regards to academic implications, these 

findings stand in clear contrast against the hypothesized effects in the EKC theory. 

Consequently, these results add to the established critique on a potential turning point after 

which economic growth would lead to lower CO2 emissions. This is important for 

policymakers since it questions the sustainability of economic growth targets[50]. The observed 

increase in estimates adds to past contributions which describe how ideal economic growth 

rates are a self-destructive goal[51]. As such, is GDP truly the most appropriate measure for 

wealth, as proposed in the introduction? Perhaps it is time to revisit this classical 

macroeconomic variable to account for aspects such as clean air and the likelihood of natural 

disasters. In this regard, this thesis proposes nothing new, instead it joins organizations such as 

the OECD, the UN, and the World Bank in their efforts towards a green growth measure 

(OECD, 2018). In the future, an analysis of the effects of green growth on CO2 emissions may 

find precisely the opposite effects. Namely, when (green) economic growth occurs, global CO2 

emissions will go down. 
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7.2.2 Shifting to Renewable Alternatives for Oil 

An interesting finding from the effects of OIL on CO2 is the shift between the pre- and post-

break datasets. This transition highlights that as the price of oil increases, demand either 

disappears or moves to other, often less polluting, energy alternatives in the post-break period. 

For example, consumers may opt to take the bus instead of the car or producers of electricity 

may swap to renewable sources. This suggests that an increase to crude oil prices has a 

“cleaning” effect in recent decades. From a policy perspective, this is relevant. The 

econometric findings suggest that sustainability agreements set out by governments since the 

early 1990s, have been successful. Although critique has been made that change is not 

happening fast enough, these goals have transformed the relationship between OIL and CO2. 

Specifically, the subsidization of renewables and societal pressures towards the energy 

transition have caused a measurable change. Furthermore, since an increase to OIL, keeping 

all other factors equal, leads to lower CO2 emissions, a forced increase to the price of oil may 

possess a similar effect. To illustrate, fiscal policy aimed at increasing these prices, e.g. a 

carbon tax, is expected to possess an equal downward influence on CO2 emissions.  

 
7.2.3 The Side Effect of Price Stability 

With regards to the effects of CPI on CO2, the implications are less exciting. Predominantly, 

the shift in the relationship is caused by the underlying change in volatility of CPI. Similarly, 

the more stable growth rate of inflation means that an increase to CPI results in higher 

consumption. As such, the implications for CPI on CO2 do not go beyond what has already 

been researched with regards to the effects of inflation on aggregate demand. Nonetheless, the 

effects of price stability on CO2 emissions were likely not taken into account during the 

implementation of price stability strategies. At the very least, the findings of this thesis 

emphasize the positive correlation between aggregate demand and CO2 emissions.  
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7.2.4 Greener Investments through Stock Markets 

From the results, the effects of INT on CO2 shifted in sign between the pre- and post-break 

periods. The inverse relationship post-break was only found for Canada and the United 

Kingdom (simultaneously the only significant estimates). De Haas and Popov (2019) found 

that firms in precisely these countries are funded the most through stock markets, compared to 

traditional debt financing. This highlights the key implication regarding INT and CO2. In the 

post-break period, as nominal interest rates are decreased, stock markets respond favorably, 

and listed companies gain additional capital for investments. Due to their public role and 

responsibility as traded companies, these firms innovate and invest in green technologies, 

which leads to lower CO2 emissions. It seems that a firm’s accountability towards (and reliance 

on) shareholders positively influences their sustainable practices.  

 

Overall, stock markets are a heavily debated topic, often argued to contribute to growing 

(income) inequalities. However, the results seem to imply that these stock-price-driven 

companies are encouraged to innovate more. From the opposite (business) perspective, this 

suggests that companies with a sustainable agenda are more likely to attract capital and 

investors through stock markets. Consequently, an implication of this thesis is that a greater 

focus on public accountability, with more involved shareholders and stakeholders, steers 

companies into greener investment decisions.   

 

 

 



 

[52]:  Overall, the applied methodology is more in line with the proposed research question since the 
Zivot-Andrews test for unit roots may propose completely different break dates per country, 
thus limiting further comparisons. Nonetheless, opting for a single break over multiple can be 
seen as a limitation although arguments for this choice have been given in section 5.3.  
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7.3 Limitations 

The list of limitations below covers the down-sides of impactful assumptions and the 

(unanticipated) restrictions of the applied methodology.  
 

An early decision forced the exclusion of China and Japan from further analysis. This choice 

was made based on economic reasoning and the non-consistent orders of integrations. As 

previously mentioned, whereas a combination of I(1) and I(0) variables can be explored 

through an ARDL model, this is not the case for I(2) series. Consequently, this thesis loses out 

on potentially relevant findings. Especially for China, which may have been particularly 

interesting due to its increased relevance from a consumption-based perspective on CO2 

emissions. This limitation can be circumvented by exploring an alternative proxy for the I(2) 

time series, e.g. economic growth instead of GDP per capita. In the end, since CO2 was I(2) for 

China and the majority of countries possessed variables that were all I(1), this thesis chose not 

to adjust its independent variables or implement an ARDL model. As such, a limitation of the 

applied methodology is the loss of potentially interesting findings from China and Japan.  
 

A second limitation entails the structural break test by Zeileis (2019). This approach breaks the 

data into the most stable subsets, rather than at the most impactful break date(s). One could 

argue that this stability is not the goal of a structural break test. Moreover, by imposing a single 

structural break, rather than acknowledging multiple breakpoints, important information and 

shifts in the coefficients may be lost. Note, from the purpose of dividing the long time series 

into two comparable sub series, the applied methodology is superior to a breakpoint analysis 

that gives the most severe break, e.g. the Zivot-Andrews test (1992), which may appear at the 

start or end of the analyzed data sample[52].  
 

Another drawback of the applied methodology is that it does not account for non-linear and 

asymmetric effects. In other words, effects which depend on the starting level of the 

independent variable or where an increase and decrease possess different relationships with 

CO2. These non-linearities and asymmetries have been discussed in past academic literature 

and are therefore somewhat expected to exist in the scope of this thesis. By not accounting for 

these effects, relevant information may have been lost, e.g. through a lower significance level 

or smaller size of the estimates. 



 

[53]:  Note, this thesis still argues that these quarterly figures are a much closer representation of 
reality than a simply divide by four and preferred over an annual frequency.   
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The fourth limitation of this thesis concerns the observed (and imposed) seasonality in the 

independent variable, CO2. This thesis applied the findings by Rotty (1987) on the monthly 

distribution in the U.S. of different fuel types. An impactful assumption was made that these 

distributions per fuel type, i.e. coal, gas, and oil, would remain constant throughout the data 

samples, for each country. Subsequently, a quarterly frequency was calculated based on yearly 

consumption-based emission figures per fuel type. An important conclusion from Rotty (1987) 

was that the distribution was notably seasonal. This calculation to achieve a quarterly frequency 

imposes two limitations. Firstly, the distribution of fuel consumption is in reality not distributed 

consistently, for each country and for all years. Therefore, these CO2 emissions are not as true 

to reality[53]. Secondly, as discussed in section 5.13.1, the seasonal data means that some of the 

results, like the effect of past measures of CO2 on the current value, are uninterpretable. 

Nonetheless, this thesis had argued that these limitations are outweighed by the downsides of 

alternatives. 

 

A final limitation, which is directly linked to the aforementioned seasonality, concerns the high 

adjusted R2 in the VAR and VECM (with CO2 as the dependent variable). It has been reasoned 

that these very high model fits are caused by the high explanatory power of past values of CO2 

(captured in its seasonal pattern). The VAR and VECM output with CO2 emissions as the 

dependent variable report a very high adjusted R2. This thesis has previously argued that this 

is associated with the introduced seasonality and the subsequent high predictive power of past 

measures of CO2 emissions over its current value. However, due this high adjusted R2, an 

important tool to assess the quality of the model is lost. To illustrate, the OLS models reports 

large differences in the model fit between country. While the explanatory power of these 

models would logically improve after imposing a structural break and including lagged values, 

comparisons between countries based on their adjusted R2 is no longer possible in the VAR 

and VECM. Since a low adjusted R2 may suggest a need to re-specify the model (e.g. by adding 

or removing variables), the inability to do so can be considered a limitation of the applied 

methodology.  
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7.4 Future Research 

The previously discussed implications and limitations of the analysis pave the way for future 

research. Although macroeconomic developments in the months and years to come may 

uncover other, far more relevant, themes, the following subject are starting points for further 

studies. These topics are outlined one-by-one in the subsequent paragraphs.  

 

A first prospect for future research encompasses the exclusion of China and Japan. Where this 

thesis was unwilling to change its variables or model to accommodate these countries, other 

papers may find it interesting to investigate the effects of macroeconomic variables on CO2 

emissions for China and Japan. Specifically China may provide notable results due to its role 

as a manufacturing hub and its connection with global CO2 emissions. Does the Chinese 

economy report similar effects for the macroeconomic contributors to CO2 as the six countries 

analyzed? 

 

Furthermore, researchers may add or switch specific independent variables to evaluate whether 

these effect CO2 emissions or if they influence the existing relationships. For example, in the 

implications section, stock markets (through which INT influences CO2 in the post-break 

period for Canada and the United Kingdom) and alternative energy sources (which may 

substitute oil when its price increases) were highlighted as especially interesting. Whereas the 

stock markets could be measured through a national or sustainability-oriented index, the effects 

of different energy sources could be tracked through the distribution of energy sources or the 

total KW/h per energy type. 

 

Another field for future research entails the applied calculation to derive quarterly data for CO2 

emissions. As described previously, the efforts to impose a quarterly frequency on annual data 

is built on a number of assumptions. Subsequently, this thesis argues that a replication of the 

applied econometric analysis may become interesting when quarterly (potentially seasonally-

adjusted) data on consumption-based CO2 emissions becomes available. At the very least, these 

future results can validate the findings of this thesis. 
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A final avenue for future studies entails the different components of GDP. This thesis 

established a strong (Granger-causal) link between GDP and CO2, which invites an 

investigation into the different aspects that drive this relationship. Researchers may ask 

themselves whether the effects on consumption (C) and investments (I) possess similar effects 

on CO2 emissions or if either shows an inverse relationship in more recent years. Moreover, 

due to the consumption-based nature of the Global Carbon Project’s CO2 emissions, academics 

may wish to explore the influence of imports (M), or trade in general, on CO2. Are 

consumption-based CO2 emissions strongly affected by the type of trade partners (e.g. due to 

the environmental standards abroad) or could this approach uncover flaws in the calculations 

applied by the Global Carbon Project? 

 

 

 

All in all, this thesis has uncovered a range of interesting results, describing shifts between 

time periods and an overall consistency among countries. The observed significant 

relationships further strengthen the indisputable link between man-made economic activity and 

CO2 emissions. Overall, the econometric findings are uniform in their implications: CO2 

emissions and the macroeconomy are not independent themes, but are fundamentally 

connected.  
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Appendix A: Historical development plots 
 

The following plots show the historic development per country, per variable. Moreover, the 

start and end dates of each time series are observable.  
 

Figure A.1: Historical development plot – China 

 
Notes: The y-axis shows a simple numerical scale that is interpretable as is for each variable.  

The x-axis shows the total time period of the data sample. 
 

Figure A.2: Historical development plot – Canada 
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Appendix A: Historical development plots (2) 

 

Figure A.3: Historical development plot – France 

 
 

Figure A.4: Historical development plot – Germany 
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Appendix A: Historical development plots (3) 

 

Figure A.5: Historical development plot – Italy 

 
 

Figure A.6: Historical development plot – Japan 
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Appendix A: Historical development plots (4) 

 

Figure A.7: Historical development plot – United Kingdom 

 
 

Figure A.8: Historical development plot – United States 
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Appendix B: OLS regression output 
 

 
  

This appendix provides a summary of the in-text mentioned OLS results for the U.S. on three 

samples, namely on the full, pre-break, and post-break datasets.   

 

Table B.1: U.S. OLS regression results with CO2 as the dependent variable, full dataset 

U.S. Full Sample 
Estimate Std. Error 

intercept  1.6150*** 0.4107 
GDP -0.0001 0.0030 
OIL -0.1009*** 0.0170 
CPI  0.0165*** 0.0042 
INT  0.0336 0.0464 

Adj. R2 0.252 
Number of Obs. 188 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are generated by applying the lm() function 

 
Table B.2: U.S. OLS regression results with CO2 as the dependent variable, pre-break 

U.S. Pre-Break 
Estimate Std. Error 

intercept  2.3918*** 0.7180 
GDP -0.0612 0.0815 
OIL -0.0726*** 0.0264 
CPI  0.0162*** 0.0042 
INT -0.0055 0.0045 

Adj. R2 0.244 
Number of Obs. 82 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 
 

Table B.3: U.S. OLS regression results with CO2 as the dependent variable, post-break 

U.S. Post-Break 
Estimate Std. Error 

intercept  3.0653*** 1.0785 
GDP -0.1532 0.1205 
OIL -0.0335 0.0297 
CPI  0.0186* 0.0109 
INT  0.0164** 0.0063 

Adj. R2 0.362 
Number of Obs. 106 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
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Appendix C: Breakpoint tests results 
 

This appendix shows a summary of all the endogenously determined break dates, including 

their associated fit. Note, as outlined in-text, only one breakpoint is assumed per country. 

 

 
  

Table C.1a: Canada breakpoint test for INT - dates 

Canada Breakpoints at date 
m = 1   1992-1       
m = 2   1991-4     2008-3 
m = 3   1991-3   2001-2 2008-3 
m = 4 1981-1 1991-3   2001-2 2008-3 
m = 5 1981-1 1990-4 1997-1 2003-2 2009-3 

 
Table C.1b: Canada breakpoint test for INT - fit 

Canada 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 3324.0 1071.5 791.9 726.3 700.7 768.1 
BIC 1007.8 823.3 781.6 777.0 781.2 807.3 

Notes: Results are generated by applying the breakpoints() and summary() function on INT 
 
 
 

Table C.2a: China breakpoint test for INT - dates 

China Breakpoints at date 
m = 1   1998-2       
m = 2 1993-4 1998-2       
m = 3 1993-4 1998-1 2002-1     
m = 4 1993-4 1998-1 2002-1 2006-1   
m = 5 1993-4 1998-1 2002-1 2006-1 2010-1 

 
Table C.2b: China breakpoint test for INT - fit 

China 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 794.5 70.2 53.2 47.8 47.0 46.6 
BIC 546.7 284.4 262.8 260.1 267.9 276.3 
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Appendix C: Breakpoint tests results (2) 

 

 
  

Table C.3a: France breakpoint test for INT - dates 

France Breakpoints at date 
m = 1     1996-1     
m = 2     1994-1   2008-4 
m = 3 1978-4 1985-4 1996-1     
m = 4 1978-4 1985-4 1996-1   2009-1 
m = 5 1978-4 1985-4 1994-1 2001-3 2009-1 

 
Table C.3b: France breakpoint test for INT - fit 

France 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 3386.0 839.9 666.4 537.4 388.6 370.1 
BIC 1106.4 849.3 815.3 784.5 732.8 733.9 

 
 

Table C.4a: Germany breakpoint test for INT - dates 

Germany Breakpoints at date 
m = 1     1998-3     
m = 2     1995-4   2008-4 
m = 3   1988-4 1995-4   2008-4 
m = 4 1982-1 1989-1 1996-1   2008-4 
m = 5 1976-4 1988-3 1995-3 2002-3 2009-3 

 
Table C.4b: Germany breakpoint test for INT - fit 

Germany 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 1507.5 575.3 427.2 384.0 369.1 360.8 
BIC 951.0 776.6 730.0 720.0 722.9 729.1 

 
 

Table C.5a: Italy breakpoint test for INT - dates 

Italy Breakpoints at date 
m = 1     1996-4     
m = 2 1976-4   1996-3     
m = 3 1976-4   1993-2 2001-3   
m = 4 1976-4 1986-1 1996-4   2008-4 
m = 5 1976-4 1986-1 1993-2 2001-2 2009-1 

 
Table C.5b: Italy breakpoint test for INT - fit 

Italy 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 5988.5 2106.7 1289.9 906.5 763.6 685.7 
BIC 1215.9 1025.8 942.1 884.9 862.5 852.4 
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Appendix C: Breakpoint tests results (3) 

 

 
  

Table C.6a: Japan breakpoint test for INT - dates 

Japan Breakpoints at date 
m = 1     1992-4     
m = 2   1985-4 1993-3     
m = 3 1977-1 1985-4 1993-3     
m = 4 1977-1 1985-4 1993-2 2000-2   
m = 5 1977-1 1985-4 1993-2 2000-2 2008-4 

 
Table C.6b: Japan breakpoint test for INT - fit 

Japan 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 1425.4 302.8 208.1 189.4 181.4 180.5 
BIC 940.3 653.4 591.9 584.3 586.5 596.1 

 
 

Table C.7a: United Kingdom breakpoint test for INT - dates 

United Kingdom Breakpoints at date 
m = 1     1992-4     
m = 2     1992-3   2008-4 
m = 3 1978-3   1992-3   2008-4 
m = 4 1978-3   1992-3 2001-2 2008-4 
m = 5 1978-3 1985-3 1992-3 2001-2 2008-4 

 
Table C.7b: United Kingdom breakpoint test for INT - fit 

United Kingdom 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 3827.2 1345.0 791.3 583.4 540.3 532.1 
BIC 1129.9 939.7 848.3 800.3 796.1 803.7 

 
 

Table C.8a: U.S. breakpoint test for INT - dates 

U.S. Breakpoints at date 
m = 1     1991-2     
m = 2     1991-1   2008-1 
m = 3 1978-3 1985-3   2001-2   
m = 4 1978-1 1985-1 1992-1   2008-1 
m = 5 1978-1 1985-1 1992-1 2001-2 2008-3 

 
Table C.8b: U.S. breakpoint test for INT - fit 

U.S. 
Breakpoint Fit 

m = 0 m = 1 m = 2 m = 3 m = 4 m = 5 

RSS 2760.4 1241.0 915.7 661.6 554.7 488.6 
BIC 1049.1 909.3 862.6 812.0 789.3 775.9 
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Appendix D: Chow test results on breakpoints() date 
 

This appendix provides all table summaries associated with the Chow test to verify the 

endogenous breakpoints from the strucchange package on INT per country.  

 

 

 
Table D.1: Chow test results – Canada all variables 

Canada 
Chow test, for m =1, at obs = 69  

F-statistic 
GDP 53.4*** 
OIL 9.77*** 
CPI 25.33*** 
INT 53.98*** 
CO2 3.04** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are generated by applying the chow.test() function 

 
Table D.2: Chow test results – China all variables 

China 
Chow test, for m =1, at obs = 34  

F-statistic 
GDP 82.39*** 
OIL 8.615*** 
CPI 15.592*** 
INT 1.755 
CO2 1.699 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 

 
Table D.3: Chow test results – France all variables 

France 
Chow test, for m =1, at obs = 105  

F-statistic 
GDP 87.48*** 
OIL 8.641*** 
CPI 27.974*** 
INT 39.103*** 
CO2 10.013*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 

Table D.4: Chow test results – Germany all variables 

Germany 
Chow test, for m =1, at obs = 115  

F-statistic 
GDP 27,377*** 
OIL 9,336*** 
CPI 8,587*** 
INT 17,423*** 
CO2 6,309*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
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Appendix D: Chow test results on breakpoints() date (2) 

 
 

 

 

 

  

 
Table D.5: Chow test results – Italy all variables 

Italy Chow test, for m =1, at obs = 108  
F-statistic 

GDP 136.45*** 

OIL 21.07*** 
CPI 23.55*** 
INT 39.83*** 
CO2 18.38*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 

Table D.6: Chow test results – Japan all variables 

Japan Chow test, for m =1, at obs = 92  
F-statistic 

GDP 66.45*** 

OIL 19.47*** 
CPI 21.09*** 
INT 12.54*** 
CO2 6.5*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 

Table D.7: Chow test results – United Kingdom all variables 

United Kingdom Chow test, for m =1, at obs = 92  
F-statistic 

GDP 74.03*** 
OIL 30.19*** 
CPI 11.1*** 
INT 72.16*** 
CO2 16.71*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 

Table D.8: Chow test results – U.S. all variables 

U.S. Chow test, for m =1, at obs = 82  
F-statistic 

GDP 30.83*** 

OIL 13.63*** 
CPI 6.67*** 
INT 55.93*** 
CO2 5.95*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
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Appendix E: ADF test results  
 

This appendix provides an overview of the applied ADF test on each time series. Note, 

following these tests, this thesis highlights the second order of integration for China’s GDP 

and CO2 variables and the stationary at levels time series for post-break INT and CPI in Japan.  

 

 
  

 

Table E.1: ADF unit root test results – Canada all variables, pre- and post-break 

Canada Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -1.750 Drift Fail to Reject H0 -1.854 Drift Fail to Reject H0 
OIL -0.473 None Fail to Reject H0  0.165 None Fail to Reject H0 
CPI -1.261 None Fail to Reject H0 -0.905 None Fail to Reject H0 
INT -0.699 None Fail to Reject H0 -1.583 Drift Fail to Reject H0 
CO2 -0.233 None Fail to Reject H0 -0.221 None Fail to Reject H0 

∆GDP     -3.549*** None Reject H0    -3.090*** None Reject H0 
∆OIL     -6.365*** None Reject H0    -7.263*** None Reject H0 
∆CPI    -2.506** None Reject H0    -8.833*** None Reject H0 
∆INT     -6.626*** None Reject H0    -5.305*** None Reject H0 
∆CO2     -2.675*** None Reject H0    -3.381*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: These results were derived by applying the ur.df() function on the individual time series. 

 
 
 

Table E.2: ADF unit root test results – China all variables, pre- and post-break 

China Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -0.891 Drift Fail to Reject H0 -1.461 Drift Fail to Reject H0 
OIL -1.030 None Fail to Reject H0 0.155 None Fail to Reject H0 
CPI -0.826 None Fail to Reject H0 -1.208 None Fail to Reject H0 
INT -0.670 None Fail to Reject H0 -0.574 None Fail to Reject H0 
CO2 -0.602 None Fail to Reject H0 -1.574 None Fail to Reject H0 

∆GDP -0.745 None Fail to Reject H0 -0.773 None Fail to Reject H0 
∆OIL     -4.392*** None Reject H0     -6.366*** None Reject H0 
∆CPI    -2.197** None Reject H0     -6.953*** None Reject H0 
∆INT     -2.402*** None Reject H0     -6.058*** None Reject H0 
∆CO2 -0.517 None Fail to Reject H0 -0.950 None Fail to Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
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Appendix E: ADF test results (2) 

 

 
  

Table E.3: ADF unit root test results – France all variables, pre- and post-break 

France Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -2.357 Drift Fail to Reject H0 -1.872 Drift Fail to Reject H0 
OIL -0.002 None Fail to Reject H0  0.167 None Fail to Reject H0 
CPI -0.669 None Fail to Reject H0 -1.007 None Fail to Reject H0 
INT -0.497 None Fail to Reject H0 -1.218 Drift Fail to Reject H0 
CO2 -0.868 None Fail to Reject H0 -0.258 Drift Fail to Reject H0 

∆GDP     -2.950*** None Reject H0    -2.465** None Reject H0 
∆OIL     -7.573*** None Reject H0     -6.498*** None Reject H0 
∆CPI     -3.786*** None Reject H0     -7.132*** None Reject H0 
∆INT     -7.066*** None Reject H0     -5.059*** None Reject H0 
∆CO2     -3.971*** None Reject H0     -3.678*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 
 

Table E.4: ADF unit root test results – Germany all variables, pre- and post-break 

Germany Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -1.352 Drift Fail to Reject H0 -0.369 Drift Fail to Reject H0 
OIL -0.205 None Fail to Reject H0  0.133 None Fail to Reject H0 
CPI -1.105 None Fail to Reject H0 -0.926 None Fail to Reject H0 
INT -1.074 None Fail to Reject H0 -1.355 Drift Fail to Reject H0 
CO2 -0.831 None Fail to Reject H0 -0.840 None Fail to Reject H0 

∆GDP    -2.387** None Reject H0     -4.230*** None Reject H0 
∆OIL     -7.844*** None Reject H0     -6.477*** None Reject H0 
∆CPI     -3.913*** None Reject H0     -5.408*** None Reject H0 
∆INT     -4.796*** None Reject H0     -4.612*** None Reject H0 
∆CO2     -4.636*** None Reject H0     -4.422*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 
 

Table E.5: ADF unit root test results – Italy all variables, pre- and post-break 

Italy Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -1.683 Drift Fail to Reject H0  0.267 None Fail to Reject H0 
OIL  0.112 None Fail to Reject H0  0.305 None Fail to Reject H0 
CPI -0.524 None Fail to Reject H0 -1.096 None Fail to Reject H0 
INT -0.502 None Fail to Reject H0 -2.220 Drift Fail to Reject H0 
CO2 -1.134 Drift Fail to Reject H0 -0.462 None Fail to Reject H0 

∆GDP     -3.529*** None Reject H0     -3.918*** None Reject H0 
∆OIL     -7.624*** None Reject H0     -6.478*** None Reject H0 
∆CPI     -4.452*** None Reject H0     -4.043*** None Reject H0 
∆INT     -5.228*** None Reject H0     -4.042*** None Reject H0 
∆CO2     -3.651*** None Reject H0     -2.624*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
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Appendix E: ADF test results (3) 

 

 
  

 
Table E.6: ADF unit root test results – Japan all variables, pre- and post-break 

Japan Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -0.413 Drift Fail to Reject H0 -0.942 Drift Fail to Reject H0 
OIL -0.072 None Fail to Reject H0  0.338 None Fail to Reject H0 
CPI -1.278 None Fail to Reject H0     -3.218*** None Reject H0 
INT -1.108 None Fail to Reject H0     -3.700*** Drift Reject H0 
CO2 -1.607 None Fail to Reject H0 -0.280 None Fail to Reject H0 

∆GDP   -2.491** None Reject H0     -5.607*** None Reject H0 
∆OIL    -6.970*** None Reject H0     -7.117*** None Reject H0 
∆CPI    -5.799*** None Reject H0     -6.844*** None Reject H0 
∆INT    -4.042*** None Reject H0     -4.187*** None Reject H0 
∆CO2     -3.271*** None Reject H0     -3.438*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 
 

Table E.7: ADF unit root test results – United Kingdom all variables, pre- and post-break 
United 

Kingdom 
Pre-Break Post-Break 

test-statistic Type Conclusion test-statistic Type Conclusion 
GDP -0.927 Drift Fail to Reject H0 -1.996 Drift Fail to Reject H0 
OIL  0.072 None Fail to Reject H0  0.338 None Fail to Reject H0 
CPI -0.877 None Fail to Reject H0 -0.782 None Fail to Reject H0 
INT -0.684 None Fail to Reject H0 -0.752 None Fail to Reject H0 
CO2 -0.875 None Fail to Reject H0 1.449 None Fail to Reject H0 

∆GDP    -3.034*** None Reject H0    -2.990*** None Reject H0 
∆OIL    -6.970*** None Reject H0    -7.117*** None Reject H0 
∆CPI    -3.818*** None Reject H0    -6.729*** None Reject H0 
∆INT    -5.879*** None Reject H0    -4.892*** None Reject H0 
∆CO2    -3.942*** None Reject H0    -3.328*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
 
  
 

Table E.8: ADF unit root test results – U.S. all variables, pre- and post-break 

U.S. Pre-Break Post-Break 
test-statistic Type Conclusion test-statistic Type Conclusion 

GDP -0.794 Drift Fail to Reject H0 -1.330 Drift Fail to Reject H0 
OIL -0.146 None Fail to Reject H0 0.105 None Fail to Reject H0 
CPI -0.838 None Fail to Reject H0 -1.162 None Fail to Reject H0 
INT -0.519 None Fail to Reject H0 -2.163 Drift Fail to Reject H0 
CO2 -0.523 None Fail to Reject H0 0.170 Drift Fail to Reject H0 

∆GDP    -2.671*** None Reject H0   -2.530** None Reject H0 
∆OIL    -6.321*** None Reject H0    -7.359*** None Reject H0 
∆CPI    -3.209*** None Reject H0    -5.224*** None Reject H0 
∆INT    -2.753*** None Reject H0    -4.175*** None Reject H0 
∆CO2   -2.597** None Reject H0    -3.799*** None Reject H0 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
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Appendix F: VAR output for the U.S. 
 

The output of the VAR model, applied on the U.S. pre- and post-break datasets, is summarized. 

These findings are compared to the standard OLS regression and the VECM results in-text.  

 

 
 

  

 
Table F.1: U.S. Pre- and Post-Break VAR Results 

U.S. 
Pre-Break Post-Break 

Estimate Std. Error Estimate Std. Error 

constant -0.0082** 0.0036 -0.0079** 0.0033 

GDP – lag 1  0.3416 0.2424  1.1068*** 0.3298 

GDP – lag 2  0.8149*** 0.2539  0.3871 0.3486 
GDP – lag 3  0.6584** 0.2736 -0.4872 0.3308 

GDP – lag 4 -0.4748* 0.0795  0.1975 0.3188 

OIL – lag 1  0.0151 0.0135 -0.0199 0.0143 
OIL – lag 2 -0.0002 0.0145 -0.0042 0.0151 

OIL – lag 3  0.0293** 0.0144  0.0382** 0.0154 

OIL – lag 4 -0.0193 0.0148  0.0076 0.0155 

CPI – lag 1 -0.0004 0.0035  0.0070** 0.0029 

CPI – lag 2 -0.0021 0.0032 -0.0028 0.0029 

CPI – lag 3 -0.0014 0.0033 -0.0036 0.0029 

CPI – lag 4   0.0022 0.0031 -0.0047*  0.0027 

INT – lag 1 -0.0037** 0.0017 -0.0007 0.0062 

INT – lag 2 -0.0044** 0.0018 -0.0005 0.0077 

INT – lag 3 -0.0031* 0.0018 -0.0032 0.0075 
INT – lag 4  0.0006 0.0018  0.0018 0.0059 

CO2 – lag 1 -0.2718*** 0.0934 -0.3255*** 0.0877 
CO2 – lag 2 -0.2397** 0.0955 -0.2970*** 0.0874 

CO2 – lag 3 -0.2141** 0.0941 -0.3249*** 0.0859 

CO2 – lag 4   0.7197*** 0.0925  0.6356*** 0.0873 

Adj. R2 0.981 0.984 

Number of Obs. 82 106 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 

Notes: Results only show the response of CO2 emissions and are generated by  
applying summary() on the VAR model from the var() function.  
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Appendix G: Johansen test for cointegration 
 

This appendix explores the pre- and post-break datasets of the six analyzed countries (Canada, 

France, Germany, Italy, United Kingdom, and the U.S.) to assess the presence of cointegration. 

If cointegration is found, a conclusion on the number of cointegrated relationships is based on 

the rejection of subsequent null hypotheses.  

 
  

 

 
Table G.1: Johansen test results – Cointegration for Canada 

Canada Pre-Break Post-Break 
Test-statistics 

r ≤ 4  5.91  1.02 
r ≤ 3  15.03  8.10 

r ≤ 2  29.39*  30.48* 

r ≤ 1  63.44***  56.64*** 
r = 0  105.54***  104.86*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Results are found by applying the ca.jo() function, with type = trace and k = 4. Test-statistics 

should be interpreted in a sequential order. Output suggest r = 3 (pre- and post-break). 
 

Table G.2: Johansen test results – Cointegration for France 

France Pre-Break Post-Break 
Test-statistics 

r ≤ 4  2.99  0.55 
r ≤ 3  13.32  18.20** 

r ≤ 2  30.51*  38.35*** 

r ≤ 1  52.04**  69.07*** 
r = 0  88.03***  106.83*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Based on the output above, r = 3 (pre-break) and r = 4 (post-break). 

 

 

Table G.3: Johansen test results – Cointegration for Germany – 45.23 

Germany 
Pre-Break Post-Break 

Test-statistics 
r ≤ 4  0.41  3.74 
r ≤ 3  8.88  9.39 

r ≤ 2  24.30  27.42 

r ≤ 1  54.59**  58.44*** 
r = 0  95.19***  93.27*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Based on the output above, r = 2 (pre-and post-break) 
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Appendix G: Johansen test results for cointegration (2) 

 

 
  

Table G.4: Johansen test results – Cointegration for Italy 

Italy Pre-Break Post-Break 
Test-statistics 

r ≤ 4  2.25  0.03 
r ≤ 3  10.15  10.07 

r ≤ 2  24.16  27.24 

r ≤ 1  48.87**  61.38*** 
r = 0  101.98***  119.37*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Based on the output above, r = 2 (pre-and post-break) 

 
 

Table G.5: Johansen test results – Cointegration for the United Kingdom 

United Kingdom Pre-Break Post-Break 
Test-statistics 

r ≤ 4  5.45  0.53 
r ≤ 3  12.93  6.64 

r ≤ 2  28.54  18.44 

r ≤ 1  48.55**  51.24** 
r = 0  78.01**  77.21** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Based on the output above, r = 2 (pre-and post-break) 

 
 

Table G.6: Johansen test results – Cointegration for the U.S. 

U.S. Pre-Break Post-Break 
Test-statistics 

r ≤ 4  5.06  0.39 
r ≤ 3  11.09  8.95 

r ≤ 2  26.04  22.72 

r ≤ 1  51.55**  45.57* 
r = 0  128.01***  103.66*** 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 
Notes: Based on the output above, r = 2 (pre-and post-break) 
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Appendix H: VECM output for all non-U.S. countries 
 

This appendix summarizes the pre- and post-break VECM output for the non-U.S. countries. 

The U.S. results can be found in-text.  

 

 

 
  

 

 

Table H.1: Canada Pre- and Post-Break VECM Results 

Canada Pre-Break Post-Break 
Estimate Std. Error Estimate Std. Error 

ec-term 1  0.0040 0.0050     -0.0132*** 0.0035 

ec-term 2 -0.0004 0.0007  0.0017 0.0019 

ec-term 3 -0.0002 0.0006  0.0045 0.0037 

constant  0.3332 0.2708  0.2857 0.2549 

GDP – lag 1  0.3033 0.5001      1.6542*** 0.4110 

GDP – lag 2  0.6523 0.5103  0.6205 0.4558 
GDP – lag 3       1.3301*** 0.4589  0.0048 0.4026 

OIL – lag 1      0.0703*** 0.0256  0.0076 0.0150 

OIL – lag 2  0.0491 0.0264  -0.0282* 0.0166 
OIL – lag 3    0.0542** 0.0255  0.0057 0.0167 

CPI – lag 1  0.0045 0.0056  0.0007 0.0036 
CPI – lag 2  0.0076 0.0600  0.0018 0.0038 

CPI – lag 3   0.0036 0.0053  0.0044 0.0040 

INT – lag 1 -0.0029 0.0018  0.0030 0.0039 
INT – lag 2    -0.0057** 0.0024  0.0055 0.0038 

INT – lag 3     -0.0076*** 0.0024   0.0063* 0.0037 

Adj. R2 0.966 0.984 

Number of Obs. 82 106 

Significance level: ≥ 99% (***); ≥ 95% (**); ≥ 90% (*) 

Notes: Results are generated by applying the summary() function on the VECM model.  

The estimates for the lagged values of CO2 are excluded since they fall outside this thesis’ scope. 
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Appendix H: VECM output for all non-U.S. countries (2) 

 

 
  

 
Table H.2: France Pre- and Post-Break VECM Results 

France Pre-Break Post-Break 
Estimate Std. Error Estimate Std. Error 

ec-term 1  0.0087 0.0119     -0.0432*** 0.0011 
ec-term 2    -0.0077** 0.0032 -0.0040 0.0053 
ec-term 3 -0.0025 0.0037  0.0095 0.0065 
ec-term 4   -0.0058 0.1220 
constant -0.1908 0.6270  0.2298 1.1203 

GDP – lag 1      2.4420*** 0.8282  0.8391 1.0441 
GDP – lag 2  1.2870 0.8970 -0.7737 1.0658 
GDP – lag 3   0.8637 0.8699   -1.7923* 1.0448 
OIL – lag 1  0.0154 0.0337    -0.0587** 0.0288 
OIL – lag 2  0.0141 0.0334    -0.0729** 0.0286 
OIL – lag 3 -0.0001 0.0350 -0.0390 0.0297 
CPI – lag 1 -0.0094 0.0083     0.0237** 0.0101 
CPI – lag 2 -0.0021 0.0083     0.0242** 0.0099 
CPI – lag 3  -0.0118 0.0074  0.0079 0.0098 
INT – lag 1 -0.0030 0.0042  0.0085 0.0182 
INT – lag 2 -0.0001 0.0043  0.0167 0.0203 
INT – lag 3  0.0013 0.0044  0.0001 0.0174 

Adj. R2 0.795 0.939 
Number of Obs. 82 106 

 

 
 

Table H.3: Germany Pre- and Post-Break VECM Results 

Germany Pre-Break Post-Break 
Estimate Std. Error Estimate Std. Error 

ec-term 1  0.0061 0.0037   -0.0210* 0.0108 
ec-term 2 -0.0017 0.0023    -0.0057** 0.0025 
constant      1.4570*** 0.4502     4.0970** 1.6213 

GDP – lag 1     0.5385** 0.2656  0.2461 0.4795 
GDP – lag 2  0.5164 0.2783  0.3926 0.4992 
GDP – lag 3   0.1476 0.2591 -0.0551 0.4571 
OIL – lag 1  0.0067 0.0171 -0.0343 0.0270 
OIL – lag 2 -0.0017 0.0169 -0.0218 0.0292 
OIL – lag 3 -0.0063 0.0168 -0.0052 0.0292 
CPI – lag 1    -0.0104** 0.0049     0.0223** 0.0105 
CPI – lag 2 -0.0088 0.0053  0.0192 0.0110 
CPI – lag 3  -0.0070 0.0053  0.0102 0.0116 
INT – lag 1  0.0096 0.0074 -0.0046 0.0189 
INT – lag 2  0.0075 0.0075  0.0061 0.0199 
INT – lag 3 -0.0001 0.0064  0.0028 0.0174 

Adj. R2 0.937 0.950 
Number of Obs. 82 106 
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Appendix H: VECM output for all non-U.S. countries (3) 

 

 
  

Table H.4: Italy Pre- and Post-Break VECM Results 

Italy Pre-Break Post-Break 
Estimate Std. Error Estimate Std. Error 

ec-term 1    0.0363* 0.0218     -0.0311*** 0.0056 
ec-term 2  0.0001 0.0018     -0.0080*** 0.0022 
constant      0.9139*** 0.2183  0.6862 0.5159 

GDP – lag 1      1.0120*** 0.3526  0.2677 0.4991 
GDP – lag 2  0.3199 0.4038  0.7812 0.5486 
GDP – lag 3   0.1465 0.4000    1.3792** 0.5195 
OIL – lag 1    0.0515** 0.0217     -0.0598*** 0.0179 
OIL – lag 2 -0.9351 0.0250     -0.0686*** 0.0189 
OIL – lag 3     0.0731*** 0.0263 -0.0194 0.0170 
CPI – lag 1 -0.0030 0.0029       0.0357*** 0.0074 
CPI – lag 2 -0.0024 0.0029  0.0043 0.0073 
CPI – lag 3      -0.0090*** 0.0025 -0.0050 0.0069 
INT – lag 1  -0.00002 0.0045 -0.0034 0.0093 
INT – lag 2 -0.0001 0.0045 -0.0089 0.0091 
INT – lag 3 -0.0010 0.0041 -0.0135 0.0087 

Adj. R2 0.925 0.985 
Number of Obs. 82 106 

 

 
 

Table H.5: United Kingdom Pre- and Post-Break VECM Results 

United Kingdom Pre-Break Post-Break 
Estimate Std. Error Estimate Std. Error 

ec-term 1 -0.0061 0.0057     -0.0536*** 0.0038 
ec-term 2  0.0031 0.0024     -0.0084*** 0.0013 
constant -0.2041 0.2958    -1.4464** 0.0013 

GDP – lag 1      1.1530*** 0.3269     1.8105** 0.8071 
GDP – lag 2      1.1600*** 0.3271  0.6997 0.8515 
GDP – lag 3   0.4713 0.3175 -0.2585 0.8043 
OIL – lag 1 -0.0175 0.0229 -0.0215 0.0335 
OIL – lag 2     -0.0671*** 0.0234 -0.0056 0.0333 
OIL – lag 3     -0.0683*** 0.0240  0.0164 0.0322 
CPI – lag 1     0.0060** 0.0026 -0.0001 0.0122 
CPI – lag 2 -0.0013 0.0028  0.0111 0.0117 
CPI – lag 3     0.00002 0.0024 -0.0069 0.0111 
INT – lag 1  0.0002 0.0031 -0.0065 0.0149 
INT – lag 2 -0.0029 0.0032 -0.0074 0.0179 
INT – lag 3     0.0067** 0.0032    0.0281* 0.0145 

Adj. R2 0.920 0.950 
Number of Obs. 82 106 
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Appendix I: IRF graphs for the U.S. 
 

Below the pre- and post-break IRF plots for the U.S. are given. The other countries are excluded 

from this appendix due to space restrictions but are available upon request. 

 
  

 

Figure I.1: Pre- and post-break IRFs responses, CO2 to a shock in an independent variable 
 

Shock from Pre.OIL    Shock from Post.OIL 

 
Shock from Pre.INT    Shock from Post.INT 

 
Shock from Pre.CPI    Shock from Post.CPI 

 
Shock from Pre.GDP    Shock from Post.GDP 

  
Confidence intervals of the IRFs are set at 95%. 

Notes: Plots are generated by applying the irf() function on a differenced VAR model. 
Furthermore, the seasonal nature of CO2 appears evident in these results. 
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Appendix J: FEVD plots for all non-U.S. countries 
 

This appendix plots the variance distributions of all datasets. These results are typically in line 

with the shifts in significance of the VECM’s linear estimates. Consequently, this thesis argues 

that these findings add validity to the previous results.  

 

 
  

Figure J.1: Post-break FEVD for Canada 

 
Notes: The FEVD plots are generated through the plot() and fevd() functions.  

Order of variables is based on least to most endogenous.  
 

Figure J.2: Pre-break FEVD for Canada 

 
 

Figure J.3: Pre-break FEVD for France 
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Appendix J: FEVD plots for all non-U.S. countries (2) 

 

 
  

Figure J.4: Post-break FEVD for France 

 
 

Figure J.5: Pre-break FEVD for Germany 

 
 

Figure J.6: Post-break FEVD for Germany 

 
 

Figure J.7: Pre-break FEVD for Italy 
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Appendix J: FEVD plots for all non-U.S. countries (3) 

 

 

Figure J.8: Post-break FEVD for Italy 

 
 

Figure J.9: Pre-break FEVD for the United Kingdom 

 
 

Figure J.10: Post-break FEVD for the United Kingdom 
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Appendix K: Summary of observed relationships compared to the hypotheses 
 

This appendix aims to summarize the overall consistent results per time period and compare 

these to the established hypotheses. Consequently, it provides for an easily accessible overview 

of this thesis’ main findings. The table indicates the number of countries (out of six) with 

estimates that match those criteria.  

 

 
 

 

 

 

  

 

Table K.1: Summary of findings in comparison to hypothesized effects on CO2 

Hypothesis 
Hypothesized 

Effect 

Pre-Break Post-Break 

+ Non-
sign. 

– + Non-
sign. 

– 

H1: GDP + 6 0 0 4 1 1 

H2: OIL – 3 2 1 1 1 3 

H3: CPI + 1 2 3 3 3 0 

H4: INT – 1 3 2 2 4 0 

Notes: Effects are assumed significant at a 90% confidence level and higher. 
The countries are summarized as positive (+), non-significant, or inverse (–) based on their linear 

estimates. When available, the significant effects are interpreted. If no estimates are significant, the 
Non-sign field is chosen.  
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Appendix L: U.S. version of R-script  
 

This appendix provides the U.S. version of the applied R-script which generated the 

econometric analysis for each of the analyzed countries. This script has been placed at the end 

of the appendices for easier exclusion for printing purposes.  

 

-------------------------------------------------------------------------------------------------------------- 

  #### Generate Time Series for all Variables #### 

-------------------------------------------------------------------------------------------------------------- 

   

US.Date    <-seq(as.Date("1971-01-01"),length.out=188, by="quarters") 

 

US.IntRate    <- ts(US$`Interest Rate`, start = c(1971, 1), end=c(2017,4), frequency=4) 

US.CPI        <- ts(US$`CPI Annual Change`, start = c(1971, 1), end=c(2017,4), frequency=4) 

US.Oil        <- ts(US$`Ln Oil Price`, start = c(1971, 1), end=c(2017,4), frequency=4) 

US.GDP        <- ts(US$`Ln GDP per Capita`, start = c(1971, 1), end=c(2017,4), frequency=4) 

US.CO2        <- ts(US$`Ln CO2 per Capita`, start = c(1971, 1), end=c(2017,4), frequency=4) 

 

## Plot full dataset at levels ## 

ggplot(US) +  

  geom_line(aes(x=US.Date, y=US.IntRate,   color="1. Nominal Interest Rate"))+ 

  geom_line(aes(x=US.Date, y=US.CPI,       color="2. Annual Change CPI"))+ 

  geom_line(aes(x=US.Date, y=US.Oil,       color="3. Ln of Crude Oil Price"))+ 

  geom_line(aes(x=US.Date, y=US.GDP,       color="4. Ln of GDP per Capita"))+ 

  geom_line(aes(x=US.Date, y=US.CO2,       color="5. Ln of CO2 per Capita")) 

 

## Generate OLS Model ## 

 

OLS.US.CO2     <- lm(US.CO2     ~ US.IntRate + US.Oil + US.CPI + US.GDP, data = US) 

summary(OLS.US.CO2) 

 

-------------------------------------------------------------------------------------------------------------- 

  #### Determine Break-Point in US Dataset #### 
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-------------------------------------------------------------------------------------------------------------- 

## Break-Point is based on Int Rate through R's Strucchange Library ## 

   

bp.US.IntRate <- breakpoints(US.IntRate ~ 1) 

ci.US.IntRate <- confint(bp.US.IntRate) 

 

## Summary of Break-Points ## 

summary(bp.US.IntRate) 

# Breakpoint found at obs. 82 # 

 

## Plot of Break-Point data ## 

 

plot.ts(US.IntRate) 

lines(bp.US.IntRate) 

lines(ci.US.IntRate) 

 

ts.plot(US.IntRate, US.CPI, US.Oil, US.GDP, US.CO2) 

lines(bp.US.IntRate) 

lines(ci.US.IntRate) 

 

## Apply Chow-Test to verify the statistical support for this break ## 

 

# Int Rate # 

sctest(US.IntRate ~ US.Oil + US.CPI + US.GDP + US.CO2, data = US, type = "Chow",  

       point = 82) 

# Oil # 

sctest(US.Oil ~ US.IntRate + US.CPI + US.GDP + US.CO2, data = US, type = "Chow",  

       point = 82) 

# CPI # 

sctest(US.CPI ~ US.IntRate + US.Oil + US.GDP + US.CO2, data = US, type = "Chow",  

       point = 82) 

# GDP # 
sctest(US.GDP ~ US.IntRate + US.Oil + US.CPI + US.CO2, data = US, type = "Chow",  

       point = 82) 
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# CO2 # 

sctest(US.CO2 ~ US.IntRate + US.Oil + US.CPI + US.GDP, data = US, type = "Chow",  

       point = 82) 

-------------------------------------------------------------------------------------------------------------- 

  #### Generate Pre- and Post-Break time series #### 

-------------------------------------------------------------------------------------------------------------- 

 

US.Pre.Date        <-seq(as.Date("1971-01-01"),length.out=82, by="quarters") 

 

US.Pre.IntRate     <- ts(US.Pre$`Interest Rate`, start=c(1971, 1), end=c(1991,2), frequency=4) 

US.Pre.CPI         <- ts(US.Pre$`CPI Annual Change`,start=c(1971, 1), end=c(1991,2), 

frequency=4) 

US.Pre.Oil         <- ts(US.Pre$`Ln Oil Price`,start=c(1971, 1), end=c(1991,2),  

frequency=4) 

US.Pre.GDP         <- ts(US.Pre$`Ln GDP per Capita`,start=c(1971, 1), end=c(1991,2), 

frequency=4) 

US.Pre.CO2         <- ts(US.Pre$`Ln CO2 per Capita`,start=c(1971, 1), end=c(1991,2), 

frequency=4) 

 

ggplot(US.Pre) +  

  geom_line(aes(x=US.Pre.Date, y=US.Pre.IntRate,   color="1. Nominal Interest Rate"))+ 

  geom_line(aes(x=US.Pre.Date, y=US.Pre.CPI,       color="2. Annual Change CPI"))+ 

  geom_line(aes(x=US.Pre.Date, y=US.Pre.Oil,       color="3. Ln of Crude Oil Price"))+ 

  geom_line(aes(x=US.Pre.Date, y=US.Pre.GDP,       color="4. Ln of GDP per Capita"))+ 

  geom_line(aes(x=US.Pre.Date, y=US.Pre.CO2,       color="5. Ln of CO2 per Capita")) 

 

US.Post.Date        <-seq(as.Date("1991-09-01"),length.out=106, by="quarters") 

 

US.Post.IntRate    <- ts(US.Post$`Interest Rate`,start=c(1991, 3), end=c(2017,4), frequency=4) 

US.Post.CPI        <- ts(US.Post$`CPI Annual Change`, start=c(1991, 3), end=c(2017,4), 

frequency=4) 

US.Post.Oil        <- ts(US.Post$`Ln Oil Price`, start=c(1991, 3), end=c(2017,4),  

frequency=4) 
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US.Post.GDP        <- ts(US.Post$`Ln GDP per Capita`, start=c(1991, 3), end=c(2017,4), 

frequency=4) 

US.Post.CO2        <- ts(US.Post$`Ln CO2 per Capita`,  start=c(1991, 3), end=c(2017,4), 

frequency=4) 

 

ggplot(US.Post) +  

  geom_line(aes(x=US.Post.Date, y=US.Post.IntRate,   color="1. Nominal Interest Rate"))+ 

  geom_line(aes(x=US.Post.Date, y=US.Post.CPI,       color="2. Annual Change CPI"))+ 

  geom_line(aes(x=US.Post.Date, y=US.Post.Oil,       color="3. Ln of Crude Oil Price"))+ 

  geom_line(aes(x=US.Post.Date, y=US.Post.GDP,       color="4. Ln of GDP per Capita"))+ 

  geom_line(aes(x=US.Post.Date, y=US.Post.CO2,       color="5. Ln of CO2 per Capita")) 

 

-------------------------------------------------------------------------------------------------------------- 

  #### Test Pre- and Post-Break Data for Stationarity/Unit Roots #### 

-------------------------------------------------------------------------------------------------------------- 

   

  #### 1. Int Rate #### 

# Pre-Break # 

plot.ts(US.Pre.IntRate) 

summary(ur.df(US.Pre.IntRate, type='none',  lags=4, selectlags=c("AIC"))) 

dUS.Pre.IntRate <- diff(US.Pre.IntRate) 

summary(ur.df(dUS.Pre.IntRate, type='none',  lags=4, selectlags=c("AIC"))) 

 

# Post-Break # 

plot.ts(US.Post.IntRate) 

summary(ur.df(US.Post.IntRate, type='drift',  lags=4, selectlags=c("AIC"))) 

dUS.Post.IntRate <- diff(US.Post.IntRate) 

summary(ur.df(dUS.Post.IntRate, type='none',  lags=4, selectlags=c("AIC"))) 
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-------------------------------------------------------------------------------------------------------------- 

 

  #### 2. Oil #### 

# Pre-Break # 

 

plot.ts(US.Pre.Oil) 

summary(ur.df(US.Pre.Oil, type='none',  lags=4, selectlags=c("AIC"))) 

dUS.Pre.Oil <- diff(US.Pre.Oil) 

summary(ur.df(dUS.Pre.Oil, type='none',  lags=4, selectlags=c("AIC"))) 

 

# Post-Break # 

plot.ts(US.Post.Oil) 

summary(ur.df(US.Post.Oil, type='none',  lags=4, selectlags=c("AIC"))) 

dUS.Post.Oil <- diff(US.Post.Oil) 

summary(ur.df(dUS.Post.Oil, type='none',  lags=4, selectlags=c("AIC"))) 

 

-------------------------------------------------------------------------------------------------------------- 

 

  #### 3. CPI #### 

# Pre-Break # 

plot.ts(US.Pre.CPI) 

summary(ur.df(US.Pre.CPI, type='none',  lags=4, selectlags=c("AIC"))) 

dUS.Pre.CPI <- diff(US.Pre.CPI) 

summary(ur.df(dUS.Pre.CPI, type='none',  lags=4, selectlags=c("AIC"))) 

 

# Post-Break # 

plot.ts(US.Post.CPI) 

summary(ur.df(US.Post.CPI, type='none',  lags=4, selectlags=c("AIC"))) 

dUS.Post.CPI <- diff(US.Post.CPI) 

summary(ur.df(dUS.Post.CPI, type='none',  lags=4, selectlags=c("AIC"))) 

 

-------------------------------------------------------------------------------------------------------------- 

   

  #### 4. GDP #### 
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# Pre-Break # 

plot.ts(US.Pre.GDP) 

summary(ur.df(US.Pre.GDP, type='drift',  lags=4, selectlags=c("AIC"))) 

dUS.Pre.GDP <- diff(US.Pre.GDP) 

summary(ur.df(dUS.Pre.GDP, type='none',  lags=4, selectlags=c("AIC"))) 

 

# Post-Break # 

plot.ts(US.Post.GDP) 

summary(ur.df(US.Post.GDP, type='none',  lags=4, selectlags=c("AIC"))) 

dUS.Post.GDP <- diff(US.Post.GDP) 

summary(ur.df(dUS.Post.GDP, type='none',  lags=4, selectlags=c("AIC"))) 

 

-------------------------------------------------------------------------------------------------------------- 

   

  #### 5. CO2 #### 

# Pre-Break # 

 

plot.ts(US.Pre.CO2) 

summary(ur.df(US.Pre.CO2, type='drift',  lags=4, selectlags=c("AIC"))) 

dUS.Pre.CO2 <- diff(US.Pre.CO2) 

summary(ur.df(dUS.Pre.CO2, type='none',  lags=4, selectlags=c("AIC"))) 

 

# Post-Break # 

plot.ts(US.Post.CO2) 

summary(ur.df(US.Post.CO2, type='drift',  lags=4, selectlags=c("AIC"))) 

dUS.Post.CO2 <- diff(US.Post.CO2) 

summary(ur.df(dUS.Post.CO2, type='none',  lags=4, selectlags=c("AIC"))) 

 

------------------------------------------------------------------------------------------------------------- 

  #### Apply Ordering #### 

-------------------------------------------------------------------------------------------------------------- 

   

  ## ORDER ## 



 

 

151 

   

US.Pre.Order         <- cbind(US.Pre.Oil, US.Pre.IntRate, US.Pre.CPI, US.Pre.GDP, 

US.Pre.CO2) 

VAR.US.Pre           <- VAR (US.Pre.Order,     p = 4, type = "const") 

 

VARselect(US.Pre.Order, lag.max = 8, type = "const")$selection 

 

US.Post.Order        <- cbind(US.Post.Oil, US.Post.IntRate, US.Post.CPI, US.Post.GDP, 

US.Post.CO2) 

VAR.US.Post          <- VAR (US.Post.Order,     p = 4, type = "const") 

 

VARselect(US.Post.Order, lag.max = 4, type = "const")$selection 

 

dUS.Pre.Order         <- cbind(dUS.Pre.Oil, dUS.Pre.IntRate, dUS.Pre.CPI, dUS.Pre.GDP, 

dUS.Pre.CO2) 

VAR.dUS.Pre           <- VAR (dUS.Pre.Order,     p = 4, type = "const") 

dUS.Post.Order         <- cbind(dUS.Post.Oil, dUS.Post.IntRate, dUS.Post.CPI, dUS.Post.GDP, 

dUS.Post.CO2) 

VAR.dUS.Post           <- VAR (dUS.Post.Order,     p = 4, type = "const") 

 

-------------------------------------------------------------------------------------------------------------- 

  #### VAR Analysis #### 

-------------------------------------------------------------------------------------------------------------- 

summary(VAR.dUS.Pre) 

   

summary(VAR.dUS.Post) 

 

-------------------------------------------------------------------------------------------------------------- 

  #### JOHANSEN COINTEGRATION TEST #### 

-------------------------------------------------------------------------------------------------------------- 

 

US.Full.Order        <- cbind(US.Oil, US.IntRate, US.CPI, US.GDP, US.CO2) 
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CoIntegration.US.Full <- ca.jo(US.Full.Order,  

                                   type = "trace", ecdet = "none", 

                                   K = 4,          spec = "longrun") 

summary(CoIntegration.US.Full)   

   

CoIntegration.US.Pre <- ca.jo(US.Pre.Order,  

                                    type = "trace", ecdet = "none", 

                                    K = 4,        spec = "longrun") 

summary(CoIntegration.US.Pre) 

 

CoIntegration.US.Post <- ca.jo(US.Post.Order,  

                                     type = "trace", ecdet = "none", 

                                     K = 4,        spec = "longrun") 

summary(CoIntegration.US.Post) 

 

-------------------------------------------------------------------------------------------------------------- 

  #### VECM Analysis #### 

-------------------------------------------------------------------------------------------------------------- 

   

  #### VECM US Pre-Break Data  #### 

 

VECM.US.Pre <- cajorls(CoIntegration.US.Pre, r = 2) 

summary(VECM.US.Pre$rlm) 

VECM.US.Pre$beta 

-------------------------------------------------------------------------------------------------------------- 

 

  #### VECM US Post-Break Data  #### 

 

VECM.US.Post <- cajorls(CoIntegration.US.Post, r = 2) 

summary(VECM.US.Post$rlm) 

VECM.US.Post$beta   
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--------------------------------------------------------------------------------------------------------------   

  #### OLS CUSUM TEST ####  

-------------------------------------------------------------------------------------------------------------- 

 

plot(stability(VAR.US.Pre, type="OLS-CUSUM"), alpha = 0.1) 

plot(stability(VAR.US.Post, type="OLS-CUSUM"), alpha = 0.1) 

 

-------------------------------------------------------------------------------------------------------------- 

  #### Impulse Response Functions #### 

-------------------------------------------------------------------------------------------------------------- 

   

IRF.US.Pre <- irf(VAR.US.Pre, n.ahead = 25, ortho = T, boot = T, runs = 500) 

plot(IRF.US.Pre, nsteps = 12) 

 

IRF.US.Post <- irf(VAR.US.Post.Order.I, n.ahead = 25, ortho = T, boot = T, runs = 500) 

plot(IRF.US.Post, nsteps = 12) 

 

-------------------------------------------------------------------------------------------------------------- 

  #### Granger Causality Test #### 

-------------------------------------------------------------------------------------------------------------- 

  

  ## Pre Break 

 

  # Oil Prices Granger-cause CO2 emissions per Capita #   

dUS.Pre.Order.Oil.CO2         <- cbind(dUS.Pre.Oil, dUS.Pre.CO2) 

VAR.dUS.Pre.Oil.CO2           <- VAR (dUS.Pre.Order.Oil.CO2,     p = 4, type = "const") 

causality(VAR.dUS.Pre.Oil.CO2, cause = c("dUS.Pre.Oil")) 

 

# Nominal Interest Rates Granger-cause CO2 emissions per Capita # 

dUS.Pre.Order.IntRate.CO2         <- cbind(dUS.Pre.IntRate, dUS.Pre.CO2) 

VAR.dUS.Pre.IntRate.CO2         <- VAR (dUS.Pre.Order.IntRate.CO2,p = 4, type = "const") 

causality(VAR.dUS.Pre.IntRate.CO2, cause = c("dUS.Pre.IntRate")) 
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# CPI Annual Growth Rates Granger-cause CO2 emissions per Capita # 

dUS.Pre.Order.CPI.CO2         <- cbind(dUS.Pre.CPI, dUS.Pre.CO2) 

VAR.dUS.Pre.CPI.CO2           <- VAR (dUS.Pre.Order.CPI.CO2,     p = 4, type = "const") 

causality(VAR.dUS.Pre.CPI.CO2, cause = c("dUS.Pre.CPI")) 

 

# GDP per Capita Granger-cause CO2 emissions per Capita # 

dUS.Pre.Order.GDP.CO2         <- cbind(dUS.Pre.GDP, dUS.Pre.CO2) 

VAR.dUS.Pre.GDP.CO2           <- VAR (dUS.Pre.Order.GDP.CO2,     p = 4, type = "const") 

causality(VAR.dUS.Pre.GDP.CO2, cause = c("dUS.Pre.GDP")) 

 

-------------------------------------------------------------------------------------------------------------- 

   

  ## Post Break 

   

  # Oil Prices Granger-cause CO2 emissions per Capita # 

  dUS.Post.Order.Oil.CO2         <- cbind(dUS.Post.Oil, dUS.Post.CO2) 

VAR.dUS.Post.Oil.CO2           <- VAR (dUS.Post.Order.Oil.CO2,     p = 4, type = "const") 

causality(VAR.dUS.Post.Oil.CO2, cause = c("dUS.Post.Oil")) 

 

# Nominal Interest Rates Granger-cause CO2 emissions per Capita # 

dUS.Post.Order.IntRate.CO2         <- cbind(dUS.Post.IntRate, dUS.Post.CO2) 

VAR.dUS.Post.IntRate.CO2      <- VAR (dUS.Post.Order.IntRate.CO2, p = 4, type = "const") 

causality(VAR.dUS.Post.IntRate.CO2, cause = c("dUS.Post.IntRate")) 

 

# CPI Annual Growth Rates Granger-cause CO2 emissions per Capita # 

dUS.Post.Order.CPI.CO2         <- cbind(dUS.Post.CPI, dUS.Post.CO2) 

VAR.dUS.Post.CPI.CO2           <- VAR (dUS.Post.Order.CPI.CO2,     p = 4, type = "const") 

causality(VAR.dUS.Post.CPI.CO2, cause = c("dUS.Post.CPI")) 

 

# GDP per Capita Granger-cause CO2 emissions per Capita # 

dUS.Post.Order.GDP.CO2         <- cbind(dUS.Post.GDP, dUS.Post.CO2) 

VAR.dUS.Post.GDP.CO2        <- VAR (dUS.Post.Order.GDP.CO2,     p = 4, type = "const") 

causality(VAR.dUS.Post.GDP.CO2, cause = c("dUS.Post.GDP")) 
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-------------------------------------------------------------------------------------------------------------- 

  #### FEVD #### 

-------------------------------------------------------------------------------------------------------------- 

   

FEVD.US.Pre <- (fevd(VAR.US.Pre, n.ahead = 30)) 

plot(FEVD.US.Pre, col = c("blue","red","orange","yellow","grey")) 

 

 

FEVD.US.Post <- (fevd(VAR.US.Post, n.ahead = 30)) 

plot(FEVD.US.Post, col = c("blue","red","orange","yellow","grey")) 

 

 

 

 

 

 

 

 

 

 

 

 


