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ABSTRACT

The continuous growth in GHG emissions derived from human activity has stirred the
debate on if it is possible to combine an ever-growing economy with sustainability values,
environmental equality and justice. Whether climate change should be tackled from an
eco-modernist perspective, or an economic de-growth perspective is important to help
define future policy. Therefore, this MFW aims at estimating forecasted values of the
GDPpc and CO2pc and conclude whether the theoretical framework of the Environmental
Kuznets Curve holds for these series in a selected group of countries. With this objective,
an empirical analysis was made on both series where it became apparent how big
fluctuations in these variables might be related to the economies dependency on the
industry and export of fossil fuels. Moreover, three different models frameworks were
applied to these series, with all presenting evidence on good predictive capabilities.
Through cross validation, a model was select that would best fit to the data, being that for
all series the chosen model was an ARIMA. The forecasted values from these models are
aligned with the perspective that is drawn from past values, but do not corroborate the
EKC hypothesis, with an average increase in CO2pc emissions predicted for the USA,
for example. Thus, allying strong environmental policy to prosperity and economic and

social development should be of greater focus to countries worldwide.

KEYWORDS: Economic growth; CO2 emissions; Environmental Kuznets Curve.
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RESUMO

O crescimento continuo das emissBes de gases com efeitos de estufa derivados da
atividade humana tem agitado o debate sobre se € possivel combinar uma economia em
crescente com valores de sustentabilidade e igualdade e justica ambiental. Se as mudancas
climaticas devem ser enfrentadas através de uma perspetiva eco-modernista, ou uma
perspetiva de reducdo do crescimento econémico, é importante para ajudar a definir
politicas futuras. Assim, este TFM visa estimar valores de previsao para o PIBpc e CO2pc
e concluir sobre se o0 quadro da teoria da Curva Ambiental de Kuznets se verifica para
estas séries de uma selecdo de paises. Com este objetivo, foi elaborada uma analise
empirica sobre estas séries, na qual ficou aparente do quéo as grandes flutuagdes destas
variaveis poderdo estar relacionadas com a dependéncia de uma economia da industria e
exportacdo de combustiveis fosseis. Além disso, trés diferentes modelos foram aplicados
a estas séries, sendo que todos apresentaram evidéncia de uma boa capacidade preditiva.
Através de validacdo cruzada, um modelo foi selecionado considerando que se encaixaria
melhor nos dados, sendo 0 modelo escolhido para todas as séries um ARIMA. Os valores
previstos a partir destes modelos estdo alinhados com a perspetiva que se obtém dos
valores passados, mas ndo corrobora com a hipdtese da Curva Ambiental de Kuznets,
com um aumento médio nas emissdes de CO2 previsto para os EUA, por exemplo. Assim,
aliar politicas ambientais fortes a prosperidade e ao desenvolvimento econdémico e social

devem ser de maior foco para os paises em todo o Mundo.

PALAVRAS-CHAVE: Crescimento econdémico; Emissdes de CO2; Curva Ambiental de

Kuznets.
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GLOSSARY

ACF - autocorrelation function

AIC - Akaike’s information criterion

AlCc - Akaike’s information criterion corrected for small sample bias
AR - autoregression model

ARIMA - autoregressive integrated moving average model
BIC - Bayesian information criterion

CO2 - carbon dioxide

CO2pc - carbon dioxide per capita

DGP - data generating process

ETS - exponential smoothing

GDP - gross domestic product

GDPpc - gross domestic product per capita

GHG - greenhouse gases

KPSS - Kwiatkowski-Phillips-Schmidt-Shin

LS - least squares

ML - maximum likelihood

MA - moving average mode

PACEF - partial autocorrelation function

MAE - mean absolute error

RMSE - root mean squared error
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1. INTRODUCTION

Climate change has gained a lot of focus throughout the years, with a gathered
consensus from the scientific community, governments, and citizens over its negative
effects on human lives, the ecosystems and the economy. A report published in August
2021 by the United Nations Intergovernmental Panel on Climate Change, which analysed
the findings of over 14,000 papers of climate science, exposed what has been known but
also feared by many: "Human influence has warmed the climate at a rate that is
unprecedented in at least the last 2000 years" and "many changes due to past (...)
greenhouse gas emissions are irreversible for centuries to millennia”. The link between
the emissions derived from human activity and climate change is undeniable and we are
responsible for the climate crisis that we are already living. In addition, it has become
very clear that climate change comes with an increasing cost for society and the economy,
especially for poor developing countries who depend heavily on natural resources and
aren't equipped with infrastructures to adapt to sudden natural catastrophes. This
perpetuates the injustice and inequality these populations face, undermining their
potential to overcome national health issues and raise women empowerment (DARA
2010). Considering this, the debate revolving this issue is no longer whether climate
change is real and should be considered a threat, but how it must be tackled in order to

continue building prosperity without detriment to equality and justice.

Economists have been studying the influence of economic growth on the evolution of
GHG emissions for decades now, with one of the most known studies being the one that
introduced the concept of the environmental Kuznets curve. The Environmental Kuznets
Curve establishes a relationship between the level of environmental degradation and
economic growth, using various indicators and proxy variables such as GDP per capita,
which is shaped as an inverted "U". This implies that in the early stages of economic
growth, the level of environmental degradation increases until a certain level of GDP per
capita is reached when this relationship becomes indirect and economic growth leads to
environmental improvement (Grossman and Krueger 1991). On their study of the
environmental impacts of a North American Free Trade Agreement, Grossman and
Krueger indicate that a small economy relies mainly on technology which is highly

polluting. This economy will gradually become more industrialized and subsequently
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reach a high level of income, which is equivalent to the highest level of environmental
degradation. Regardless, this allows for investments on more efficient and sustainable
industrial technology. After this point, a transition is expected in this economy, from a
highly industrialized one to one where the industrial sector is less polluting, the tertiary
sector is predominant and there's a higher demand for environmental protection, with a
subsequent decline on the negative impact it has on the planet. This curve can help support
the debate and development of policies to combat climate change, namely on the impact
of structural economic changes in consumption or investment as available income
increases. Nevertheless, the validity of this hypothesis has been tested with different
results being obtained. While some studies have confirmed the existence of this
relationship in countries in Western Europe and some in Asia (Li et al. 2016), others didn't
find evidence that could corroborate it (Ozturk & Al-Mulali 2015, Stern & Perman 2003).
Li, Wang and Zhao's paper showed evidence that supported the EKC hypothesis for
carbon dioxide, waste water and waste solid emissions in dynamic panel models
estimated with a system Generalized Method of Moments estimator. Ozturk and Al-
Mulali proved that for Cambodia there is a linear relationship between GDP and increases
in CO, emissions, but did not confirm the environmental Kuznets curve hypothesis. Stern
and Perman found that even though cointegration is found between GDP and sulfur
emissions for some countries, for most of these the relationship between both variables is
not concave. Additionally, those that do find empirical evidence of this relationship
studied other pollutants such as nitrogen oxide or sulphur dioxide which appear to confirm
it better than CO, emissions do (Stern & Common 2001, Shikwambana et al. 2021,
Grossman, G. M. & Krueger, A. B. 1995). Stern and Common demonstrated that for
economies with high levels of per capita income, an inverted "U" shaped function of GDP
per capita and sulphur dioxide emissions is estimated. Kganyago, Mhangara and
Shikwambana showed that in South Africa there is correlation between GHG emissions
and economic growth. However, the EKC hypothesis was not confirmed as the carbon
and sulphur dioxide series presented an "N" shaped curve. Even Grossman and Krueger
found the same results for different derivatives of pollution. All inall, it can't be said with
a high degree of certainty that this relationship holds for different economies. In the cases
where it doesn't, the best way forward might be to combine economic growth with policy

packages and regulations that ensure the transition of the economy to a sustainable one.
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With this in mind, the objective of this MFW is to assess which models fit the best to the
GDP per capita and CO, per capita series, have the best predictive capacity and analyse
if the prediction values and intervals obtained from them follow EKC theoretical
framework. We benefit from analysing the data from different countries against one
another, thus a broader approach was taken and several economies were chosen
considering a few quantitative and qualitative dimensions, such as GDP level and growth
rate, population, historical and political characteristics, and other socioeconomic
indicators, for comparison purposes. An emphasis is made on countries with the largest
and most industrialized economies, the fastest growing economies, and a few cases of
interest. Following the principles from the environmental Kuznets curve, large economies
such as the United States or China should be following a declining trend in the indicators
of their impact on the climate, and the ones in development or following a growth trend
in GDP should see their GHG emission levels steadily increasing, considering this
measure as a proxy for environment degradation. To demonstrate this theorem we should
forecast this series and evaluate whether their future behaviour for each type of economy

follows the expected behaviour pattern, if the EKC hypothesis holds.

In the initial analysis made on both the GD P, and COzpcseries, it becomes clear that

there might be a relationship between the characteristics of a certain economy, namely
how it's industry is constituted, and the behaviour of these series. Countries who depend
heavily on fossil fuel extraction and exports present significant fluctuations throughout
time that align with periods where significant events or changes occurred in this sector of
their economy. This includes countries in the Middle East, African economies, and
territories in Eastern European. Additionally, China figures itself has a case of interest
because of the relative size of its economy and for being the highest-level polluting
country in the world. When estimating trend linear regression models for these series we
see that, considering the adjusted R? statistic and individual statistical significance tests,
these models do not fit well into our data, even though the plots produced seem to follow
the past behavior of the series accurately. Regardless, from the testing done on the
residuals of the models estimated we conclude that these models will likely produce
forecast with adequate prediction intervals, as they do not present serial correlation in
their errors. As for the exponential smoothing methodology, for all the series in study one

of two models were selected from the information criteria scores obtained: simple



INGRIDE STOUGE TARRAFA
ECONOMIC GROWTH AND ENVIRONMENTAL DEGRADATION: AN ANALYSIS ON GDPPC
AND CO2PC EMISSIONS

exponential smoothing model with additive errors or Damped Holt’s linear method model
with additive errors. Moreover, after confirming that the transformed series analysed were
in fact stationary, we selected ARIMA models to fit these series. For the case of China's

GDP

e this model selection was done manually and selected an ARIMA(2,0,3). For the

remaining economies analysed, an automated algorithm was used to select the ones with

the lowest information criteria score. Both GD P, and COZpC series for the USA seemed
to follow an ARIMA(0,0,1), and for Kuwait's and Qatar's series for GDP,. and €Oz,

respectively the selected model was an ARIMA(0,0,0). Finally these three selected
models were compared in their accuracy in forecasting, resorting to the MAE and RMSE,
and for all countries an ARIMA model was selected, being this a good indication that
these series may be best fitted by a model with more dynamic regressors. Nonetheless,
the forecasts produced help establish that the EKC curve hypothesis does not hold for the
countries in study. Thus, it remains of the biggest importance to deepen governments
focus on policies that minimise the environmental costs of economic growth. To sum up,
this MFW follows the methodology described by Rob. J. Hyndman and George
Athanasopoulos in their online textbook "Forecasting: Principles and Practice (3rd ed)".

On the following chapter we are going to study the time series for GDF,. and €Oz,

emissions for a set of economies and regions, analysing statistical measures on the data
available for both series empirically and in a graphical manner. Secondly, we specify
different univariate models for these series, checking these model's performances through
specification testing and error analysis, in order to assess their usability for forecasting.
Finally, the model selection for each series is done through cross-validation and the
forecasted values for each selected model are produced. To conclude, an analysis is made
on these values for a selected group of countries and some conclusions are drawn on the

applicability of the Environmental Kuznetz Curve to these countries in study.
2. EXPLORATORY DATA ANALYSIS
2.1. GDP per capita

The data analysed was taken from the Maddison Project Database 2020, which
includes data on the real gross domestic product per capita in 2011 base year pricing
levels for dollars. We have a varying number of observations for 169 countries, ranging

from year 1 to 2018 - an irregular series -, in addition to regional decade totals for 8
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regions of the world. We are analysing this series in its first difference of the logarithm
transformation, (1 — B)log (GDP,.), where B is the backshift operator, which allows to
follow how the GD B, has changed percentage wise throughout the years for each country
or region. Firstly, we will look at a few essential features of the series such as its mean,
maximum values, minimum values, and quantiles. Looking at a ranking of all 169
countries’ mean (Figure 1) we see that we have a very differentiated group of countries,
from different regions and with different levels of GD B,.. In the number one position is
Kuwait, with an average year to year change in the GD B, of 4.3%, followed by Malta in
a close second place with an average change in GD P, of 4.28%. The data implies that
these economies are the most volatile even though they have very different characteristics
- Kuwait's economy is heavily based on fossil fuel exports but Malta is dependent mainly
on foreign trade and tourism. The top 4 also includes Libya and Saudi Arabia, with a
mean growth of 4.22% and 3.72% respectively, which can be "grouped™ with Kuwait in
the category of economies that are mostly constituted by the petroleum export sector.
Looking at this ranking from the bottom up (Figure 2) we see that, apart from the Syrian
Arab Republic, the bottom 10 is mainly constituted of African countries. All of them have
an average negative growth rate for GDP,., which is a clear indicator of their level of
development (or lack thereof). The case of the Syrian Arab Republic is easy to explain as
this territory has witnessed tumultuous periods of political and social disasters, including
military coups and civil war. By analysing the quantiles (Figure 3), we get the minimum
and maximum values for each economy, that is, the years when there was the biggest or
lowest yearly change in GDP,.. To no surprise, Kuwait is the country with the highest
GD P, registered growth rate, with a 261% increase in GD P, in the year 1948. If we
analyse the maximum yearly growth rates for each decade, we can observe that the
leading group of countries varies greatly throughout the 20th century. Portugal enters the
top 10 ranking in the decade of 1930 (Figure 4), with a growth rate of 14.3% in 1937. A
pattern that seems to be persistent throughout the years and across economies is their
volatility, since we don't see an increase on the number of countries whose minimum
value is positive as the decades go by. After 2011 and until 2018 (Figure 5), only
Turkmenistan shows to not have registered a decrease in GDP,.. After viewing how the

data is structured, we can do a graphical analysis of the series for a few countries, which
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allows to better identify trends and changes over time. Plotting the (1 — B)log (GDB,.)
for China (Figure 6) gives us a graph with a few missing observations but a lot of
information about how this series has evolved in the second half of the past century. On
average, China's GDP,. has varied 4.11% yearly (Figure 7) and the series follows a
positive trend. We detect some volatility in China's economy between the 1950s and
1970s, with big fluctuations from period to period which may be attributed to the Great
Leap Forward, an economic program aimed at massively multiplying agricultural
outcome but resulted in demographic disaster, with 55 million deaths attributed to famine.
Nevertheless, these decades were followed by a more robust and steady evolution of the
GD B, in the final quarter of the century. This change in behaviour was due to what has
been named as the Opening of China, a series of economic reforms intended to increase
the country's wealth and decrease poverty. When looking at the graphical representation
of this series for the US economy (Figure 8), we also detect a change in behaviour. With
an average growth rate of 1.63% (Figure 9), the United States went through a long period
of big fluctuations in GD B,., which includes both World Wars. These same patterns are
observed for the series of European countries such as France, Italy or Germany (Figure
10). In 1934, this USA series registered its largest mean shift the series of 10.1% (Figure
11). But nationwide applied economic stabilization instruments such as fiscal and
monetary policies directed the economy to the steady growth path which it is known for
today. In addition, in the plot shown we can clearly identify the financial crisis of 2008,
when GDP,. decreased on average 1.24% (Figure 12). Being one of the world's richest
countries in the world, Kuwait is also a country worth examining (Figure 13). Kuwait
holds roughly 10% of the world's crude oil reserves, which account for half of this
countries’ GDP, making it highly susceptible to variations in barrel prices. In the 1970's,
the country benefited from a dramatic inflation of these prices which consequently led to
a 38.1% increase in GDP,. (Figure 14). Nevertheless, in 1992 we observe the most
dramatic shift in the mean of this series when GDP,. increased by an average of 72%
(Figure 14). This occurrence was a consequence of the reconstruction of the country from
the Iragi invasion and occupation in 1990. Even though the wealth of the country was
severely damaged from the Gulf War - 749 of Kuwait's oil wells were destroyed - a $5
billion effort to repair the damaged oil infrastructures of the territory allowed for a

restoration of its prosperity. Finally, looking at the data we have for 8 regions of the world
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(Figure 15) we see that East Asia has the largest average decade growth rate for GD B, at
24.8% followed by the Middle East with 21.5%. On the last spot of the ranking is the
Sub-Sahara African region with an average decade growth rate for GDP,. of 11.7%.
Additionally, the Eastern Europe region holds the maximum growth rate registered with
an increase in GD B, from 2000 to 2010 of 63.9% (Figure 16). This ranking displaying
economic growth is an accurate representation of the economic development level of each
of these different regions, as one can associate a growing GDP,. with high levels of
industrialization of an economy, availability of infrastructures and low poverty levels,

amongst other measures of socioeconomic wealth
2.1. CO2 per capita

The data analysed was taken from a data package named "Global, Regional and
National Fossil-Fuel CO, Emissions: 1751-2017" and is a time series of per capita fossil-
fuel carbon dioxide (CO,) emission rates by country from 1751 to 2017. The given

national estimates of per capita CO, emissions (COZPC) are expressed in metric tons of

carbon and include emissions from solid, liquid and gas fuel consumption, cement
production, and gas flaring. This data was generated using the United Nations Energy
Statistics database and the United States Geologic Survey’s cement statistics and serves
as the base for the annual global carbon budget published by the Global Carbon Project.
Similarly to the previous section of this MFW, we are analysing this series in its first

difference of the logarithm transformation, (1 — B)log (COch), which allows to follow
how the CO, De has changed percentage wise throughout the years for each country.

Firstly, we will look at the summary features of this series, following with some graphical
analysis. If we compare the group of countries that are in the top spots of the mean's
ranking for this series (Figure 17) with the ones from the GD P, series, we can see that
its composition is very different. If we disregard a few territories that present high mean
values considering their population size, we notice a few countries that do not have high

levels of GDP,. but present high average yearly €Oz, emissions. For example, Serbia,
Estonia and Ukraine are in the top 10 countries with the highest average of €Oz,

emissions yearly growth, with 17.6%, 15.7% and 13% respectively. What these 3

economies have in common is that the mining industry constitutes an important part of
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their GDP. In the case of Serbia, their lignite coal reserves are the 5th largest in the world
and 71% of the electricity produced in the country comes from thermal-power plants
(meaning power plants that burn fossil fuels). As for Estonia, it is one of the few countries
in the world, alongside China and Brazil, that mines and processes oil shale rock. This
highly polluting industry has raised air and water pollution levels for this country since it
was implemented in the 1950s. Lastly, Ukraine is one of the world's main producers of
minerals, even though only half of its 8,000 known mineral deposits are currently under
exploration. Georgia completes the top 10 of this ranking, but it is unclear why their

average €O, emissions growth is so high. According to the International Energy

Agency, most electricity consumed in this country is produced by their national
hydroelectric facilities, a sustainable energy source. Furthermore, there are a few notable
mentions worth making (Figure 18) such as China who holds a 5.73% average yearly

€Oz, emissions growth rate, Saudi Arabia and Kuwait who presented a high average
GD B, growth rate register an average of 3.51% and 3.47% growth rate for yearly €Oz,

emissions, respectively, and Portugal who also has a positive average growth rate of
3.03%. Apart from this there are a few developed economies that follow an average

negative trend in their €Oy, emissions, including the United Kingdom and the United

States. This raises the question of whether this is the result of these countries'
environmental policies. In addition to this, even though the Scandinavian territories are
known for their efforts towards more sustainable communities and businesses, only

Sweden has a close to 0 average yearly €Oz, emissions growth rate. Regarding the

maximum values for this series (Figure 19), we see that United Arab Emirates takes a
high spot of the ranking with a staggering 360% yearly increase in per capita CO,
emissions registered in 1967, which is around the time their crude reserves were
discovered and extraction and exports catapulted. Qatar is currently the country with the
highest level of per capita CO, emissions and in 1963 registered one of the highest
growths in this indicator, of 338%. This astounding fluctuation resulted from the start of
their emissions from gas flaring, resulting from oil and gas extraction, when massive
investments were made in extraction installations. In the same way, the Islamic Republic
of Iran had a 240% increase in per capita CO, emissions in 1955, after a rapid increase in

production for export of oil and its derivates. Just as we did for the GD P, series, looking

14
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at the maximum yearly growth rates for each decade we can observe that the group of
countries that constitute the ranking differs from one decade to the next one, with a few
countries remaining in the frontlines as the biggest polluters per capita. If we disregard a
few small territories, we can spot a few interesting appearances. In the 1960's, Singapore

recorded a 146% increase in COch emissions (Figure 20) which followed the country's

independence, consequent increase of public spending on infrastructure, and growth in
foreign investment in the territory, becoming very quickly the central market for oil in
Asia. In the 1970's, Greenland registered an increase of 119% in their emissions (Figure
21). It figures itself has a surprising measure, considering the characteristics of this
economy. Yet, an unprecedented decrease in population numbers combined with an
increase in liquid fuel consumption seem to have been the trigger for this behaviour in
the series. Furthermore, in the 21st century Angola has become the leading exporter of
petroleum crude in the Sub-Saharan Africa region. After the end of a civil war that lasted
27 years and with the help of the Chinese, the country invested heavily in their mining
and extraction infrastructure, making its economy highly dependent on these products
exports. In 2004 this meant 65.7% more CO, emissions were produced per capita in
comparison with the year before (Figure 22). To finalize the analysis over these figures,

we look at Mozambique that in 2014 registered an 81.1% increase in €Oz, emissions

(Figure 23). To no surprise, Mozambique is rich in natural resources and in 2011 the
discovery of big gas reserves led to a rise in foreign investment in processing
infrastructures, but also on accessibilities such as railways, that have boosted the industry
into world relevance and have had a small impact in the development level of this country
which is one of the world's poorest. With a clear picture of how this series has changed
over the years, we can particularize our analysis by looking at its graphical representation

for a few relevant economies. As previously mentioned, Qatar has the highest €Oz,

emissions level as of 2017, and the highest growth rate registered until this year is very

obvious from the plot of this series, registered in 1963. The graph for (1 — B)log (COz,,.)

obtained (Figure 24) doesn't give much information other than the growth trend of the
€0, emissions for this country has remained relatively stable in the past half century,
with an average 1.5% yearly increase (Figure 25). The graph for the Russian Federation

series however follows an interesting pattern (Figure 26), very closely mimicking the
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behaviour of the GD P, growth rate. Until 1999 both these measures were in decline - on

average, COzpC emissions vary yearly -0.478% (Figure 27) - until a growth trend was set

and is still verified today. One exception is the year 2009 when for a brief period this
economy went through a crisis dubbed the Great Recession, mainly because of an
unprecedented fall in the price of the country's oil. This drastic change very clearly
represents this country's dependency on the exports of fossil fuels. Finally, Sweden

follows a decreasing trend in €Oy, emissions (Figure 28), with an average yearly

variation for this series of -0.0405% (Figure 29). In the past 50 years more times than not
this series has varied negatively, which can be representative of the rising importance that
hydropower, windpower and bioenergy have on this economies' energy consumption and
exports - 52.6% by 2014, according to Eurostat. Moreover, in 2016 the Swedish
government signed a deal with the opposing parties to reach 100% renewable electricity
production by 2040.

3. MODEL SPECIFICATION AND ESTIMATION
3.1. Linear regression model

Considering the data that is in study in this MFW, we are going to analyse how the

linear trend model fits to the GD P, and €Oz, series. Firstly, for these model's estimation

we assume that there is a linear relationship between the dependent variable and the

regressors (in this case GDF,. and €Oz, and a trend) and the errors u, have the

following characteristics: a) they follow a Normal distribution, with zero mean and
constant variance, u ~N(0,0%I) b) they are not serially correlated, E(u,us) =
0,Vt,s(=1,2,..., T), c) they are not correlated with the model's regressors, E (u.|X) =

0,t =1,2,..,T. Only under these assumptions can we estimate these models, (1 —
B) log(GDPpc) = By + Pitrend + u, and (1 — B)log (C02pc) = S, + fitrend + ug,

with an unbiased Least Squares estimator (8 = (X'X)~1X'y), allowing for valid inference
results and efficient forecasting (Wooldridge 2013). In that case, we can look at the output
of the estimation for a few countries already analyzed in the previous chapter where we
see the fitted values for each series, as well as a few important statistics. Looking at the

results obtained for the Chinese GDP,. (Figure 30), we see that the fitted regression has

a positive slope which reflects the positive relationship between the trend and GDP,..
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The coefficient obtained for the trend has statistical significance at 1% and shows that

there is an upward trend of 0.06% increase in GD B, per year. Additionally, as a way of

getting a hint at how well the linear regression fits the data, we can look at the R? statistic,

more specifically to the adjusted R?. In this context, we look at the second statistic as a

better measure of the predictive ability of the model because the R? will overfit to any

new variable that is added to it, whether its relevant or not. Maximizing R2 =1 — (1 —
T-1

R?) Y where k is the number of regressors, is equivalent to minimizing the standard

error of the equation, 3, (Wooldridge 2013). Considering this, we see that for the Chinese
regression we have R? = 0.06159, which is not a tolerable result. Following, the
estimation for the USA GDP,. (Figure 31) returns a regression with a very subtle upward

trend for this variable, reflecting a near 0% increase in GDP,. on average. However, not

only is the trend not statistically significant but also the estimated R? calculated is very
close to 0, denoting that a linear regression model does not seem to fit well to this series.
As for the economy of Kuwait (Figure 32), despite the big positive fluctuations registered
throughout the last decades, the fitted model presents a negative relationship between the
trend and GDP,., with an average yearly decrease in GDP,. of 0.2%. As we did for the
USA series, considering the results obtained from this estimation for the regressor
significance test and adjustment test, we can evaluate this type of model as not suitable
for forecasting the Kuwait GDP,. percentual change series. Furthermore, we can also
evaluate whether the estimated regression models fit to the time series data in study
properly by verifying if the residuals follow the assumptions that we set in the beginning.
For example, if we verify that there is autocorrelation in the residuals of the estimated
models, we will likely produce forecasts with larger prediction intervals than needed,
making forecasting inefficient. For this purpose we make use of Ljung-Box tests to
analyze the presence of serial correlation until a set order p, aiming to test Hy: p; = p, =
-+ =p, = 0vs. Hi:3p; # 0, where p,, p,, ..., p, are the correlation coefficient's of the
errors until a set order p. The statistic recommended by Ljung and Box for these tests is
Q*~)((2p) (Hayashi 2000) which gives some importance to the choice correlation order:
overall, p cannot be too small because the test will not detect autocorrelations of higher

order, nor can't be too big because the test will lose power. With that being said, both the

regression for China and the USA give us low p-values for this test (Figures 33 and 34),
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meaning the calculated statistic is statistically significant at a 5% level and we have
evidence to reject H,. We can see from both ACF plots that the residuals show significant
spikes at lag 3 and 10 for China and lag 10 for USA. However, the autocorrelation isn't
particularly large and will likely not have an impact on forecasting. For the Kuwait series
(Figure 35), we do not detect any sign of serial correlation of the errors in the ACF plot

and the p-value for the Ljung-Box seems to confirm that evidence. For the (1 —
B) log (COzpc) regression, we begin by estimating the series of Qatar (Figure 36) which
gives us a linear regression with a decreasing trend of 0.12% in €O, every year, on

average, despite the maximum values presented in a few recorded years. The model
estimated doesn't have a statistically significant trend regressor and the estimation for
the R? is very low, which leads us to believe this type of model may not have good
predictive ability. Similarly, the trend estimated for China's regression also follows a

downward behavior (Figure 37). On average, China's €Oz, emissions decrease 0.12%

yearly. The same results are obtained in terms of regressor significance and adjustment
to data, with the R? of 0.018 being an undesirable result. Finally, the adjustment to the

USA series fits a negative relationship between the countries €Oz, emissions and time,

this time this trend being a bit more apparent in the regression plot (Figure 38). Here we

have a yearly variation of -0.04% of the USA's €Oz, emissions, on average. This

regressor is in this case significant at a 1% level. The model however does not adjust well
to the series, with a very small calculated R2. Regardless, its important to complete this
analysis with the inference on these models' errors serial correlation. In the case of Qatar
(Figure 39), looking at the ACF plot we see one spike at the 11th lag which shouldn't be
relevant to disturb the models effective forecasting. The Ljung-Box test performed gives
us a high p-value, allowing us to not reject H, and to have evidence that there is no serial
correlation on the errors of this model. Secondly, the test performed for China's model
calculates a p-value that is very close to 0 (Figure 40). In this case we have evidence to
reject H, and to believe that the errors of the model have serial correlation in one of the
lags. Looking at the ACF plot we detect a spike at lag 9 which shouldn't interfere with
the quality of the forecasts produced. Finally, for the American series we have a similar

output with the one obtained for Kuwait (Figure 41). The Ljung-Box test performed gives
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us a hint that the is no error autocorrelation which can be confirmed by the ACF plot

presented.
3.2. Exponential smoothing methods

Exponential smoothing methods when applied to forecasting are very advantageous,
because with them we weight the most recent forecast observations produced with a
higher associated weight and these weight's magnitude exponentially decreases as
observations get older, .1y = X725 a(1 — a) yr_;j + (1 —a)ly, where [, is the first
fitted value at time 1 . Not only can the different type of statistical models that represent
the underlying DGPs for the forecasts distributions generate identical point forecasts but
also their own prediction intervals. Generally these models that follow this framework
can be divided into two types: models with additive errors and models with multiplicative
errors. We can obtain the same point forecasts using any of these models if the chosen
smoothing parameter values a and [, are equal. Furthermore, these models should
represent not only how the observed data changes over time but also its unobserved
components such as level or trend. Alternatively to the linear regression model where we
estimate the parameters of said model by minimising the sum of the squared errors, for
the exponential smoothing models we estimate our parameters by maximizing the
likelihood (or probability) of the data that results from the specified model (in particular,
the unconditional log-likelihood function which is the logarithm transformation of the
density function of y|X) (Wei 1994). In this context, we obtain the same results as the
ones from the LS estimation for the additive errors models if we assume normality,
y|X ~N (X, o2I), and the other assumptions described in the previous part of this MFW,

but not for the multiplicative error models. What distinguishes LS from ML estimation is
the estimator for the variance, which for ML estimation is 6 = %sz. With this in mind,

we can and must use information criteria to select the models that best fit to our data,
including the AIC, AICc and BIC statistics, namely by selecting the information criteria
whose score is the lowest. Considering that models with multiplicative errors aren't stable
when they are fitting data with zeros or negative values, we choose to not consider these
types of models in our estimation. Firstly, we start with our transformed GD P, series for
China with the regression of 3 ETS models (Figure 42): Holt’s linear method model with

additive errors, ETS(A, A, N); Damped Holt’s linear method model with additive errors,
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ETS(A,Ad,N); and simple exponential smoothing model with additive errors,
ETS(A, N, N). The method popularized in 1957 by Charles Holt includes an equation for
the forecasts, as well as two smoothing equations - a level equation and a trend equation
-, now making the forecasts a linear function of the steps-ahead h unlike what we have
for simple exponential smoothing. The "damped" version of this method includes a
damping parameter ¢ which smooths the trends into a flat line for further in time
forecasts. Comparing the three models estimated we see that the ETS(A, N, N) has the
lowest score for all information criteria presented and it's therefore the selected one for
this series, with an estimated smoothing coefficient for the level @ = 0.0001 and [, =
0.0411. The fact that & is very small indicates that more weight was given to observations
that are more distant in time, resulting in a very stable and smooth series of fitted values.
The same methodology was implemented on the transformed GD B, series for the USA
(Figure 43), with the model selected being also ETS(A, N, N). Likewise, the estimation
for a is also very small, allowing for the same conclusion to be drawn over the fitted
values. As for the series for Kuwait, out of the three possible models the one with the
lowest score throughout was the damped method, ETS(A, Ad, N) (Figure 44). For this
case, two smoothing parameters are estimated, with @ = 0.8 being previously selected:
a = 0.0274, arelatively low value for the parameter, demonstrating a low trended series;
and 8 = 0.0140, the smoothing coefficient for the slope also with a low value, further
suggesting the same conclusion. Additionally, we can implement this methodology of

model selection for the €Oy, series. Doing so for these series from Qatar and USA gives

us similar outputs (Figures 45 and 47), as in, the same selection derived from the scores
obtained. In both cases, the selected models were the simple exponential smoothing
models with additive errors. Also common to both series is the low estimation for the
smoothing parameter a, implying that the level and subsequently the trend don't have big
fluctuations. On the contrary, for the Chinese series the select model is ETS(A, Ad, N)
with @ = 0.8 (Figure 46), but also with close to 0 estimations for the smoothing

parameters.
3.3. Box-Jenkins ARIMA model

Besides exponential smoothing models, Auto Regressive Integrated Moving Average

models (of order (p,d, q)) popularized by Box and Jenkins are also often applied to
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forecast time series to best describe the correlation relationships between the observations
in data. As the name indicates, these models are composed by an autoregressive
component of order p, including a linear combination of past values of the variable in
study, and a moving averages component of order g, which includes a regression on the
past errors. Additionally, the Box-Jenkins methodology implies that a transformation -
differencing, relating to the parameter d - is applied to said combination with the purpose
of stabilizing the mean of the time series in study by eliminating any changes in the time
trend, whether it's deterministic or stochastic. This transformation makes sense when we
are trying to fit a model to data that is not stationary, meaning the time series has a unit
root (Box and Jenkins 1970). Hence, we can perform unit root testing to assess if a time
series is stationary or if it has a unit root that needs to be removed, with the objective of
determining whether differencing the series is required. For example, KPSS tests start
with a potential random walk to assess which hypothesis is more likely - Hy: 62 = 0 vs.
H;:02 > 0, as in the process is stationary vs. it isn't and has a unit root. Admittedly,
considering we are studying two series that already have one difference applied to them,
we expect the tests performed to give evidence on them being stationary. Starting with
the GD P, for China, we can see in the ACF and PACF (Figure 48) plots a few spikes in
lags 7 and 8 but they seem to not be relevant. The KPSS test performed confirms this
expectation as it produces a statistic with a p-value above the 1% nominal size. With this
result we don't reject H, and have evidence to assume that the series is stationary and
does not need to be differenced once again. The same results are obtained for the other
countries with this series - the software generated a p-value = 0.1 meaning that it is
actually greater than 0.1. This allows us to once again not reject H, and have evidence to
assume that the GDP,. series for USA (Figure 49) and Kuwait (Figure 50) is in fact

stationary. Equally, the KPSS tests performed for all the CO, pe series calculate statistics

with p-values above the nominal size and we have guaranteed evidence that we are
working with series that do not need to be differenced (Figures 51 to 53). It should be
noted that, when estimating an ARIMA model we can apply the same assumptions of
stationarity and invertibility has done for AR and MA models, respectively. For the case
of ARIMA models and similarly to exponential smoothing models, we are estimating the
parameters using maximum likelihood estimation, which finds the fitted values that

maximize the probability of the model returning the data that has already been observed.
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Likewise, we also get the same parameter estimates as we would with LS estimation on
linear regression models if the same assumptions are verified. With this in mind, we
continue to follow the Box-Jenkins methodology to try to fit a model to the differenced
series in study. The GDP,. series for China's PACF plot suggests an AR(3) model and
the ACF plot a MA(3) model, so we have two candidate models for the series -
ARIMA(3,1,0) and ARIMA(0,1,3). Fitting both model options along with two automated
model selections methods gives us identical AICc values (Figure 54). Nevertheless, the
stepwise automated search method has found that the ARIMA(2,0,3) model has produced
the lowest AICc score. The estimation produced for this model also shows that the
resulting residuals are within the threshold limits, indicating that these are not serially
correlated (Figure 55). This supposition is confirmed by the Ljung-Box test performed,
which returns a p-value = 0.356. We conclude that the ARIMA(2,0,3) model is the best
to forecast the differenced series of GD B, for China. For the remaining series in analysis
in this MFW we obtained some interesting results. The differenced GD P, series for the

USA is best fitted by an ARIMA(0,0,1) (Figure 56), as well as both €Oz, for China and

the USA (Figures 59 and 60). In addition, at a 1% nominal size, all the autocorrelation
tests performed on these models residuals allow us to not reject the H, of no serial
correlation on the errors and to evaluate the fitted models estimated as acceptable for

these series. In contrast, for Kuwait's and Qatar's series for GD P, and CO, pe respectively

(Figures 57 and 58), the selected model is an ARIMA(0,0,0). The portmanteau tests
performed further confirm this selection, with large p-values calculated that give us

evidence that the residuals are white noise.
4. FORECASTING

After fitting a few models into our data, we should now check whether these
models will perform good quality forecasting. If we think of forecasts as a random
variable, we can say that prediction intervals mark the range of values in which the actual
future values will fall in, with a certain percentage of probability. The average of these
possible future values is called point forecast. With that being said, we can measure the
uncertainty on a model's forecasts with a probability distribution associated to them,
whose mean is the point forecasts. Thus, assessing a model's forecast will then be

associated with the standard deviation of the forecast distribution. Usually, the further in
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time we are forecasting, the more uncertainty there is associated with these forecasts and
thus the bigger will be the prediction intervals calculated. Hence, the standard deviation
of the forecast distribution increases with the number of observations we are forecasting,
h. For the most part, the accuracy of a models forecasts can be assessed the best on new
data that was not used to fit the data in study. For this reason, we usually require training
data to estimate the models and test data to evaluate their accuracy, by averaging a few
accuracy measures over the test sets used. With time series cross-validation, these test
sets assume only one observation and the corresponding training sets the observations
prior to that one. Additionally, this procedure also allows for multi-step forecast errors to
be calculated. In order to assess the accuracy of a forecast based on its errors, e, =

Yr+n — Y7+, WE CAN Use two commonly used measures: the Mean absolute error -

MAE = mean(|e;|) - which minimized will lead to forecast of the median; or the Root

mean squared error - RMSE = y/mean(e?) - which leads to forecasts of the mean.
Examining these measures calculated for the models on the GDB,. series for China
(Figure 61), we see that the ARIMA(2,0,3) produces both the lowest MAE and RMSE,
meaning that this model is the best out of the selected to forecast this series. We can also
see that these measures calculated are very close to the ones for the ETS model. This
result is expected as linear ETS models are a particular case of ARIMA models.
Regardless, we can only choose between these models using forecast accuracy
measurements and not information criteria, as their likelihood is computed differently.
The forecast values estimated indicate that the Chinese GD P, will likely continue to grow
over the next years, following a very similar trajectory has the one recorded since the
1980s. It is estimated that there's an 80% chance that this growth will vary throughout the
years between -5% and 12%. For this same series for the USA we select the ETS model
when comparing accuracy measurements calculated for all models previously estimated
(Figure 62), due to the low MAE and RMSE values produced. The ETS(A, N, N) model
forecasts that the GD P, indicator for the USA will likely stabilize and behave similarly
to what has been registered in the last 50 years, balancing between periods of growth and
decline. It is estimated that there's an 80% chance that the GDP,. will vary between -4%

and 11% yearly. As for the data on Kuwait, the model that most accurately fits the GDP,,
growth rate series is the ARIMA(0,0,0) (Figure 63). Since this model represents a
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cumulative sum of shocks, all predictions calculated are constant. As for the COzpC

growth rate series, Qatar produces the smallest prediction error with the ARIMA(0,0,0)
as well (Figure 64). As aresult, the forecasted future values of the series are also constant.

Following with China, analysing the RMSE calculations we see that the €Oz, growth

rate seems to be Dbest forecasted also by the ARIMA model, particularly the
ARIMA(0,0,1) already estimated (Figure 65). As such and for the most part, it's previsions

indicate that the €Oy, for the country will most likely continue to grow as opposed to

decrease. Particularly, the series should follow a trajectory similar to the one registered
since 1975, with some variability and a likelihood of varying between -15% and 15% of
80%. Last but not least, the accuracy testing methodology applied to the American series
indicates that the ARIMA(0,0,1) also produces the best forecasts for this series (Figure
66). This model estimates that this series will likely have zero mean and follow a steadier
variation pattern, with a likelihood of 80% of changing between -4% and 4% throughout
the next decades.

5. CONCLUSION

Most forecasts produced above seem to mimic very precisely these series' past recent
behaviour, making it easy to believe that these are accurate and usable for policy
management. Nonetheless, the prediction intervals produced are in almost all cases very
wide and should be evaluated with caution. Additionally, the probability of decreasing

GD P, or increasing €Oy, is too prominent to not use all political instruments available

to manage these indicators' evolution in the next few decades. To particularize, China's

chance of a continuous growing €Oy, will, without a doubt, negatively impact the

quality of our environment. Considering this country is the number one economy in global
carbon emissions, accounting for about 27% of them in 2019, a realisation of the worst-
case scenario predicted can imply an increase in global annual CO, emissions of about
400 thousand metric tons of carbon. Furthermore, considering the results obtained, it is
very difficult to verify if the principles of the environmental Kuznets curve are applicable
nowadays and to most economies. As mentioned before, if these principles were true, we

would likely have forecasted a decreasing trend in €Oz, growth rate for countries with

high GD B, levels such as the USA, which was not confirmed. More studying is required
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over a bigger group of countries to detail if this relationship between growth and

environment degradation is more present in economies with different characteristics.

The fact that for most series the best model to perform its forecasts with was the
ARIMA, may indicate that this study would benefit from using models that include more
information relevant to the series. Not only is it important to include in a model lagged
variables but also the effects of past changes, as it does not make sense to assume that the
data observed belongs in an economy at equilibrium. The best way to do so might be, that
in each period the economy is not only adjusting from shocks from the past but also to
new ones that push it away from the equilibrium. It is with this premise that dynamic
models might become more appropriate to study non-contemporary relationships between
variables. One can wonder whether a dramatic increase in GDP,. in one year, derived
from a big investment in the exploration of a coal mine, can have an impact in CO,
emissions in the years following, for example. Or the contrary, whether a steady yearly
increase in CO, emissions in a territory with a massive drought as a direct consequence,
might eradicate important crops that compose the majority of the countries’ exports,
therefore impacting the GD B, negatively. This also raises the question of whether
variables can affect each other simultaneously, as oppose to the unidirectional
relationship that is usually considered. These feedback relationships can be modelled with
vector autoregressive models (VAR), where all estimated variables are endogenous, and

forecasting is done on a vector of time series.

All in all, as time goes by it becomes increasingly important to continue the study on
the social and economic impacts of climate change on human lives, to assist in worldwide

efforts on building a more sustainable and just world.
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APPENDICES

Figure 1 - Alog (GDP,.) descending mean ranking Figure 2 - Alog (GDPB,.) ascending mean ranking
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Figure 6 - Plot of Alog (GDP,,) for China Figure 7 - Mean of Alog (GDP,.) for China
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Figure 10 - Plot of Alog (GDPB,.) for France, Germany, Italy, Russia, and UK
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Figure 11 - Shift in Alog (GDP,.) USA series level

Figure 12 - 2008 value of Alog (GDP,.) USA series
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Figure 13 - Plot of Alog (GDB,.) for Kuwait

Figure 14 - Values of Alog (GDB,.) for Kuwait
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Figure 15 - Alog (GDP,) descending mean ranking for 8
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Figure 16 - Alog (GDP,.) quantiles ranking for 8 regions, descending from

the maximum
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Figure 20 - Alog (Cozpc) quantiles ranking from 1961 to 1970, descending from the maximum

country

CHAD

SWAZTLAND

UNITED ARABE EMIRATES
Qatar

MALAYSIA

BRUNEI (DARUSSALAM)
LIBYAN ARAB JAMAHIRTYAH
SEYCHELLES

BRITISH VIRGIN ISLANDS
) SINGAPORE

VoSN wWN R

el el ]

BURUNDI

NEPAL

OMAN

TOGO
GREENLAND
BOTSWANA
CAPE VERDE
MONTSERRAT
BAHAMAS

) FRENCH GUIANA

R
cooosooe

=
(=]

country
SEREIA
2 EQUATORIAL GUINEA —
3 NIUE
4 AFGHANISTAN
3 VANUATU
ETHIOPIA
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Figure 24 - Plot of Alog (COZpC) for Qatar Figure 25 - Mean of Alog (COZPC) for Qatar
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Figure 26 - Plot of Alog (Cozpc) for Russia Figure 27 - Mean of Alog (COZPC) for Russia
&  1st Diff Log CO2 per capita ey
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a
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o
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Figure 28 - Plot of Alog (COZW) for Sweden Figure 29 - Mean of Alog (COZPC) for Sweden
e 1st Diff Log CO2 per capita country
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c
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Figure 30 - Estimation of (1 — B) log(GDB,.) = B, + By trend + u, for China

series: gdppc
Model: TSLM

Residuals:

Min 1q Median Max

3
-0.215665 -0.029555 0.005921 0.031627 0.153667

Coefficients:

Estimate
. 0044383
.0006121

std. Error t value pPr(>|t|)
0.0177571 -0.250 0.8033
0. 0002501 2.447 0.0167

(Intercept) -0
trend() 0

v

Signif. codes: 0 “**=** 0.001 “*=" 0.01 ‘*" 0.05 “." 0.1 ' " 1

Residual standard error: 0.05395 on 75 degrees of freedom
Multiple R-squared: 0.07394, Adjusted R-squared: 0.06159
F-statistic: 5.988 on 1 and 75 DF, p-value: 0.016743

1st Diff Log GDP per capita - China

0.1-

A A A Series
0.0- il Data

— Reagression
-0.1-
-0.2-, : ! ! !
1900 1925 1950 1975 2000
year

Figure 31 - Estimation of (1 — B) log(GDB,.) = B, + Bytrend + u, for USA

series: gdppc
Model: TsLM

Residuals:
Min 1Q median 3 ESS
—0.184716 -0.018135 0.002095 0.025498 0.105887

Coefficients:

Estimate std. Error t value pr(>|t|)
(Intercept) 1.396e-02 7.424e-03 1.881 0.0625 .
trend() 5.028e-05 1.270e-04 0.396 0.6929

Signif. codes: 0 "**=' 0.001 “=*' 0.01 "*" 0.05 “." 0.1 * " 1

rResidual standard error: 0.04699 on 116 degrees of freedom
Multiple R-squared: 0.001349, Adjusted R-squared: -0.00726
F-statistic: 0.1568 on 1 and 116 DF, p-value: 0.69289

1st Diff Log GDP per capita - United States

0.1-
Series
0.0-
Data
— Regression
-0.1-
1800 1925 1850 1975 2000
year
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Figure 32 - Estimation of (1 — B)log(GDB,.) = B, + Bytrend + u, for Kuwait

1st Diff Log GDP per capita - Kuwait

series: gdppc
Model: TSLM

Residuals: : .
Min 1@ Median 3qQ Max Series

-0.46373 -0.13081 -0.04837 0.03832 2.49659 TN ey 1 o S B A Data

Coefficients:

Estimate std. Error t value Pr(>|t])
(Intercept) 0.196774 0.158097 1.245 0.218
trend() —0.002136 0.002116 -1.009 0.316

— Regression

Residual standard error: 0.3501 on 67 degrees of freedom 1960 1EIIBD '“DIDD ,,D'ﬁD
Multiple R-squared: 0.01498, Adjusted R-squared: 0.0002762 ° < “He
F-statistic: 1.019 on 1 and 67 DF, p-value: 0.31644 year

resid
s o
-]

| | |
1900 1925 1950 1975 2000
year
2
w5 01~ | ‘ N
w 0.0 T T 7T o 10-
o U1 E====ms 8 5- e -
< . 1ID 1\_ 0-= "DI 1 -D'D_DI1 - country 1b_stat 1b_pvalue
5 5 02 01 0. . P v, b > <db >
lag [1Y] resid 1 china trend_model 23.7 0.00129

Figure 34 - Histogram, ACF plot and Ljung-Box test results for the residuals of regression for USA

0.1-
2 00-
@©
S=01-
1900 1925 1950 1975 2000
year
02 S e s R
w 01- | g20°
R T LU 3
0.1- || “l o1 Tibble 4
02 [ CTTT T e T country .model Tb_stat 1b_pvalue
5 10 15 20 02 01 0.0 0.1 g tug
lag [1Y] resid 1 united States trend_model 22.9 0.000359
Figure 35 - Histogram, ACF plot and Ljung-Box test results for the residuals of regression for Kuwait
o2
0
1960 1980 2000 2020
year
0.2 - e e s s B .
o 017 £
200 . —r—— 2 10-
-01- © 5- A tibble: 1 x 4
0 e it Tt 0- Fe=m®™ %, oF country .model Tb_stat 1b_pvalue
10 15 0 1 2 <chr>  <chrs
lag [1Y] resid 1 Kuwait trend_model 0.698 0.983
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Figure 36 - Estimation of (1 — B) log (COZPC) = B, + By trend + u, for Qatar

1st Diff Log CO2 per capita - Qatar

series: CO2pc
Model: TSLM

Residuals:
Min 10 Median 30 Max Series
-0.83588 -0.13159 -0.04725 0.04429 3.34329
Data
coefficients: R )
Estimate Std. Error t value Pr-|tl) £gression
(Intercept) 0.056008 0.116626 0.480 0.633
trend() -0.001204 0.002982 -0.404 0. 688
rResidual standard error: 0.472 on 65 degrees of freedom 1EIII“D 1€IISD ”DIDD “DI“D
Multiple R-squared: 0.0025, Adjusted R-squared: -0.01285 ° < <He
F-statistic: 0.1629 on 1 and 65 DF, p-value: 0.68779 year
Figure 37 - Estimation of (1 — B)log (€0,,,,) = o + fstrend + u, for China
series: CoOZ2pc
Model: TSLM 1st Diff Log CO2 per capita - China
Residuals:
Min 10 Median E] Max 050-
-0.45987 -0.03739 -0.01169 0.03917 0.60433 -
__ Series
coefficients: 0.25-
Estimate std. Error t value pPr(=|t|) Data
(Intercept) 0.0985125 0.0314968 3.128 0.00264 ** 0.00] O R B 7y A S LY s N —_ [
trend() -0.0012120 0.0008052 -1.505 0.13713 : g
signif. codes: 0 “##%* 0,001 “**" 0.01 ‘%’ 0.05 “.’ 0.1 ' ' 1 Sk
Residual standard error: 0.1275 on 65 degrees of freedom ' ' ) o
Multiple R-squared: 0.03368, Adjusted R-squared: 0.01881 1960 1980 2000 2020
F-statistic: 2.265 on 1 and 65 DF, p-value: 0.13713 year
Figure 38 - Estimation of (1 — B) log (C0,,,,) = fo + fstrend + u, for USA
series: CO2pcC P T
model: ToLM 1st Diff Log COZ2 per capita - USA
0.08-
rResiduals:
min 1qQ Mmedian 3q Max
-0.077749 -0.015920 0.004885 0.020652 0.063994 0.04- Ser
eres
coefficients:
Estimate std. Error t value Pr(>|t]) 0.00- Data
(Intercept) 0.0134536 0.0075718 1.777 0.0803 . — Regression
trend() -0.0004155 0.0001936 -2.147 0.0356 * 0.04-
signif. codes: 0 ‘***' 0.001 “=*’ 0.01 “*' 0.05 *." 0.1 * " 1
Residual standard error: 0.03064 on 65 degrees of freedom 0.08- 19'|_D 1EIIBD “DIDD ”DI”D
Multiple R-squared: 0.0662, Adjusted R-squared: 0.05183 ° < <He
F-statistic: 4.608 on 1 and 65 DF, p-value: 0.035562 year

Figure 39 - Histogram, ACF plot and Ljung-Box test results for the residuals of regression for Qatar

resid

acf

colim.:r.'y._.l odel Tb_stat 1b_pvalue
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Figure 40 - Histogram, ACF plot and Ljung-Box test results for the residuals of regression for China

- 0.50-
2 0.25-
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g-,n e e ) ST
-0.50 -0.25 0.00 025 050 <chr> <cf
resid 1 CHINA (MAINLAND) trend_model

'
2000 2021

country

-0.05 Tb_stat 1b_pvalue

1 UNITED STATES OF AMERICA trend model  5.77 0.329

series: gdppc
Model: ETS(A,N,N)
smoothing parameters:
alpha = 0.0001000122

Initial states:
N . 1

K ntry, n SRR . . 0.04113606
country “Model name’ “Model type” sigmaz log_lik AIC AICC BIC
<chr : ; <mode ] <chr> < : AL EOGe Sl AL sigmar2: 0.003
china additive <ETS(A,A,N)> additive_notrend 0.00299  55.2 - . g
2 china additive_damped <eTs(A,Ad,n)> §Z additive damped 0.00 54.4 - = AIC ATCC BIC
3 china additive_notrend <eTs(A,N,n)> @3 additive 0.00329 53.0 - - -104.35368 -103.97868 -97.69515

series: gdppc
Model: ETS(A,N,N)
smoothing parameters:
alpha = 0.0001000021

Initial states:
1

y , Model hies X0 . . 0.01635007
country “Model name” “Model type” 519'"3.'2 -IOQ*]_].k
< > <chr> cmode T S § e i sigmaA2: 0.0022
United States additive <ETS(A,A,N)> |1 additive notrend 0.00221 g
> united states additive damped <ETS(A,Ad,N)> additive 0.00226 AIC AICC BIC
3 united states additive_notrend <ETS(A,N,N)> (3 additive_damped 0.00229 -154.5286 -154.3181 -146.2165

series: gdppc
Model: ETS(A,Ad,N)
smoothing parameters:

Initial states:
1

A tibble: 3 x 6 b
-model sigma? log_lik AIC 1.212419 -0.3530681

ct-)imtry “Model ﬁ;‘une'” “mModel type’

<chr> c N
additive_damped 0.0912 - 132. sigmarz: 0.0921

additive notrend 0.126 - 153. AIC AICC BIC
additive 0.129 - 156. 134.3854 135.7403 147.7901

Kuwait additive <ETS(A,A,N)>
? Kuwait additive_damped <ETS(A,Ad,N)>
3 Kuwait additive_notrend <ETS(A,N,N)>

W R
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Figure 45 - Qatar's (1 — B) log (COZPC) ETS models and information criteria scores

series: Cozpc
Model: ETS(A,N,N)
smoothing parameters:
alpha = 0.0001000285

Initial states:
1

0.01504893
sigmaz log_lik AIC AICC
FEE c <mode 1> e Lolp : sigmar2: 0.2233
1 Qatar additive <ETS(A,A,N)> additive_notrend 0.000999 91.6
2 Qatar additive_damped <ETS(A,Ad,N)> add'_lt'!ve 0.000974 93.5 AIC ATICC BIC
3 gatar additive notrend <eTs(A,N,N)> J| 3 additive damped 0.00104 91.9 185.2480 185.6289 191.8620

Figure 46 - China's (1 — B) log (COsz) ETS models and information criteria scores

series: Co2pc
model: ETS(A,Ad,N)
smoothing parameters:
alpha = 0.0004493023
beta 0001000001
phi

Initial states:

sealb . 0.2891529 -0.06163393
country “Model type” sigma2 Tog_1 1_k AIC
<chr> <C > = > o > sigmar2: 0.0161
1 CHINA (MAINLAND) additive <ETS(A,A,N)> JJ 1 additive_damped 0.0161 0.0458 9.91 b
2 CHINA (MAINLAND) additive damped <ETS(A,Ad,N)> ] 2 additive_notrend 0.0168 12.0 - AIC AICC BIC
3 CHINA (MAINLAND) additive motrend <ETS(A,N,N)> 3 additive 0.0170 14.6 b 9.908403 10.892010 20.931866

Series: C0Zpc
model: ETS(A,N,N)
smoothing parameters:
alpha = 0.08832052

Initial states:
1

. . 0.003462188
“Model type® sigma2 log 1ik AIC AICc
chrs> c <mode 1> SELES g - sigmaAr2: 0.001
UNITED STATES OF AMERICA additi <ETS(A,A,N)> [ 1 addiTive_notrend 0.000999 91.6 -
2 UNITED STATES OF AMERTICA additive_damped <ETS(A,Ad,N)> additive 0.000974 93.5 - AIC AICC BIC

3 UNITED STATES OF AMERICA additive notrend <ETS(A,N,N)> additive damped 0.00104 91.9 - -177.1809 -176.7999 -170.5668

coﬁntry 7r‘|d1"ff5 )

country kpss_s

1 china 0.458 0.0521 | 1 china 0

(:mintry“ B kpss_sta_t kpss_pvalue

10 5 <C <db 1>
lag [1Y] 1 united States 0.0633 0.1
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Figure 50 - Kuwait's (1 — B) log(GDB,.) series ACF and PACF plots and KPSS test result

acf

=

=4
pacf

count ry.- Ilcp;s,s{:a_.t kpss_pvalue

1 Kuwait 0.182 0.1

count ry _kp;s;m—: at kpss_pvalue

1 Qatar 0.0622

coﬁm.:r.'y_' S kpss_stat kpss_pvalue

1 CHINA (MAINLAND) 0.177

colim.:ry S kpss_stat kpss_pvalue

1 UNITED STATES OF AMERICA 0.409 0.0733

country

1 UNITED STATES OF AMERICA

series: gdppc
14 x6 Model: ARIMA(2,0,3) w/ mean
Y co Y. Mod odel sigma2 log_lik AIC AICC BIC s
country "Model name’ - g BT b T ;. | Coefficients:
<chrs . <chrs . e dL ot 26 : ar2 mal ma2 ma3 constant
= e stepwise 0. - -1.6353 -0.8476 2.2426 2.0200 0.7375
china arima310 <ARTMA(3,1,0)> =
e e <ARIMAEDl 33} > search  0.00145 126. s.e. 0.0841 0.0840 0.0993 0.1668 0.0917

3 china stepwise <ARTMA(2,0,3) w/ mean> arima013 0.00183 115.

- sigmaA2 estimated as 0.001449: 1 Tikelihood=125.7
china search <ARTMA(2,0,3) w/ mean> 4 arima310 0.00210  110. & =

AIC=-237.4  AICc=-236.38 BIC=-218

resid
bbooo
Aoooo
c58&s
“..%&
%
B

colinfry _model 1b_stat 1b_pvalue

1 china ARIMA(gdppc)  5.52 0.356
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Figure 56 - USA's (1 — B) log(GDPpC) series selected ARIMA model estimation and residuals Ljung-Box test results

Series:_édppc_
Model: ARIMA(0,0,1) w/ mean

Coefficients:
mal constant
0.2234 0.0165 m + n- g
s.e. 0.0879 0.0051 - AT
country -model

Tb_stat 1b_pvalue
sigmar? estimated as 0.002102: Tlog Tikelihood=197.28 <chr> chir> <dbT>
AIC=-388.57 AICc=-388.36 BIC=-380.26 1 United States ARIMA(gdppc) 11.9 0.0356

Figure 57 - Kuwait's (1 — B) log(GDPpE) series selected ARIMA model estimation and residuals Ljung-Box test results

Series: gdppc T p— S . _
Model: ARIMA(O,0,0)

coﬁm.:ry_.'m;de'l Tb_stat 1b_pvalue

sigmah? estimated as 0.1227: Tlog likelihood=-25.52 ) e e " )
AIC=53.04 AICc=53.1 BIC=55.28 I Coreric CRETR(EAE) T8 Beek

Series: CO2pc

Model: ARIMA(0,0,0) 1b_stat 1b_pvalue
sigmar? estimated as 0.2169: Tog likelihood=-43.87 ) "
LT 7T aeE T Lireesrl 1 Qatar  ARIMA(CO2pC) 6.48 0.262

series: CO2pc
Model: ARIMA(0,0,1) w/ mean

Coefficients:
constant i i} i} _
0.0578 £ A hle- X B -
0.0199

country 1b_stat 1b_pvalue
sigmaA? estimated as 0.01336: log 1ikelihood=50.42 e
AIC—-94.83 ATCC—.94.45 BIC—-88.22 1 CHINA (MAINLAND) ARIMA(COZpcC) 11.1 0.0486

Series: CO2pc
model: ARIMA(O,0,1)

Coefficients:
mal

0.2471

s.e. 0.1234

colintry ! . .model Tb_stat 1b_pvalue

sigmar2 estimated as 0.0009364: Tlog likelihood=139.02 Lk Sarrs
AIC—-274.03 AICC—273.84 BIC—-269.62 1 UNITED STATES OF AMERICA ARIMA(CO2pc) 4.46 0.485

Figure 61 - China's (1 — B) log(GDPpc) series model selection and forecasts

ARIMA Forecasts for China GDPpc

level
80
95

-model country .type ME  RMSE MAE

arima China Test 0.0218 0.0403 0.0314 5 ; : ]
2 exponential china Test 0.0178 0.0515 0.0376 1970 1990 2010 2030
3 regression china Test 0.0761 0.166 0.0900 year
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Figure 62 - USA's (1 — B) log(GDPpC) series model selection and forecasts

ARIMA Forecasts for USA GDPpc

0.1+
— level
0.0- 80
95
-0.1-
RMSE Al

ar:‘ina UI:I‘ItEd States Tést 0. DDS@ D.Mﬁg 0.b§2§ ' ' -
2 exponential United States Test 0.00194 0.0454 0.0318 1820 1860 2000
3 regression United States Test 0.00949 0.0572 0.0376 year

% change

Figure 63 - Kuwait's (1 — B) log(GDP,.) series model selection and forecasts

ARIMA Forecasts for Kuwait GDPpc

0.75-
0.5
level
a0
95
-0.25

-

arima Kuwait Test 0.0168 0.176 0.113 5 . ‘ N o

? exponential Kuwait Test 0.0327 0.220 0.153 1950 1970 1990 2010 2030
3 regression Kuwait Test 0.0656 0.205 0.147 year

% change
o o
= n
g B
;

Figure 64 - Qatar's (1 — B) log (COZPC) series model selection and forecasts

ARIMA Forecasts for Qatar CO2pc

3-
o2 level
5
S 1- &0
= 95
ol I
country .type 1 3 A
ARIM‘A(COZPC ~ pdg(0, 0, 0)) Qltir. Test 0.0194 0.462 6.171 - " ' . -
ETs(cO2pc ~ error(\"A\") + trend(\"Ad\"))" Qatar Test - 0.516 0.239 1950 1975 2000 2025
TSLM(CO2pc ~ trend()) Qatar Test - 0.538 0.264 year
Figure 65 - China's (1 — B) log (COzpc) series model selection and forecasts
ARIMA Forecasts for China CO2pc
level

.model country .type ME  RMSE MAE
ARIMA(mZp( ~ pdq(0, 0, 1)) CHINA (MAINLAND) Test 0. 00187 n.bﬁlg 0.653:;
ETS(C02pc ~ error(\"A\") + trend(\"Ad\"))" CHINA (MAINLAND) Test 0.00688 0.211 0.115
TsLM(co2pc ~ trend()) CHINA (MAINLAND) Test 0.0516 0.289 0.173

Figure 66 - USA's (1 — B) log (COzpC> series model selection and forecasts

ARIMA Forecasts for USA CO2pc

country -Type ME  RMSE

el

UNITED STATES OF AMERICA Test  0.0000643 0.0295 0.0237 [EEECITEE | |
0.0330 0.0240 1950 1975 2000 2025

0.0312 0.0225 year

ARIMA(CO2pCc ~ pdq(0, 0, 1))
ETs(co2pc ~ error (\"a\") + trend(\"ad\"))" UNITED STATES OF AMERICA Test -
S5LM(CO2pc ~ trend()) UNITED STATES OF AMERICA Test -
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