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Abstract

Climate change has been and is still a ma-
jor problem throughout the world. Some of the
top contributors to CO2 emissions are coal, oil,
and gas [1], making the switch to clean energy
an obvious and necessary one. This study in-
vestigated how economic factors influence the
adoption of clean energy across the world, by
looking at Gross Domestic Product (GDP) per
capita, oil production per capita, and Human
Development Index (HDI) values. This infor-
mation was then compared to the proportion of
energy from low-carbon sources in each country.
Pearson Correlation Coefficients and R2 values
were examined in conjunction with Polynomial
Regression analysis, primarily with Python.

Since GDP per capita is a reliable indicator
of economic strength [2], it was the first factor
considered in the analysis, in addition to HDI,
which takes into account several economic and
developmental factors, offering a different per-
spective of a country’s success [3]. Finally, oil
production per capita was also chosen, because
it was hypothesized that countries which bene-
fit economically from oil production may be less
inclined to adopt clean energy.

Based on these data, results from the analysis
indicated that countries with a higher GDP per
capita and HDI were more likely to adopt clean
energy. Countries that produce more oil are
less likely to adopt clean energy, however, there
are numerous exceptions. Therefore, economic
factors play a significant role in clean energy
adoption, but there may be other contributing
factors. Future studies may look into exactly
what other factors affect it.
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Figure 1: Number of deaths due to air pollution
every year per 100,000 people.

1 Introduction

As climate change continues to become a uni-
versal threat to the world [4], fossil fuels and
other non-renewable energy sources still primar-
ily power countries around the world [5], acting
as the lifeblood to many economies and indus-
tries. The production of energy from fossil fu-
els results in greenhouse gas emissions, which,
in turn, causes a variety of disastrous effects,
such as rising sea levels, inflating global temper-
atures, a weakened ozone layer, extreme weather
events, and countless others [4]. Already, an es-
timated 3.61 million people die as a result of air
pollution every year [6], six times more than the
yearly number of war casualties, murders, and
terrorist attacks combined [1].

With these in mind, it is of utmost importance
for nations to take this issue seriously, reduce
reliance on fossil fuels, and make the transition
to cleaner sources of energy, such as solar, wind,
hydropower, biomass, geothermal, and nuclear
[7, 8].

This study aimed to investigate the relation-
ship between the economies of various countries
and how it relates to the share of their energy
that comes from clean sources. Economic indi-
cators such as GDP per Capita and the United
Nations’ Human Development Index were com-
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pared to the percentage of a country’s energy
production that comes from low-carbon sources.

Using a variety of data analysis and visual-
ization libraries for Python, numerous datasets
were processed into a format easily compatible
for use in Python. Polynomial regression anal-
ysis was then utilised to observe possible trends
or patterns in the data. Graphs and diagrams
were generated based on the values calculated.
The results demonstrated that there is a very
weak correlation between a country’s economic
strength and its adoption of low-carbon energy.

2 Materials & Methods

Data were gathered from the Our World in
Data project compiled by the University of Ox-
ford [1]. The data gathered from their project
was compiled from a variety of sources, primar-
ily the World Bank, the United Nations, and
numerous government websites. The format of
the datasets was in the comma separated val-
ues format, or .csv, so the pandas library was
used to process them and create a dataframe.
Some of the information gathered from these
datasets contained information about previous
years, which were filtered out using the same li-
brary.

From there, the scikit-learn library’s Linear-
Regression and PolynomialFeatures functions
were used to train polynomial regression mod-
els based on the data provided in each dataset.
Coefficients of determination, also known as R2,
mean squared errors, and Pearson correlation
coefficients were also calculated using this li-
brary.

When creating maps to visualise the compar-
ison between certain values for countries around
the world, GeoPandas was the library used,
which itself relies on other libraries to gener-
ate maps such as shapely, fiona, GDAL. Vec-
tor and raster data for the world map were ob-
tained from the Natural Earth project. Country
codes from the International Organization for
Standardization were used to align geographical
data to data from other sources, in order to en-
sure that discrepancies between country names
would be avoided. The final map was then gen-
erated by matplotlib.

The other diagrams containing the model gen-
erated by scikit-learn and data from the datasets
were plotted using matplotlib’s pyplot class.
The platforms used were Microsoft Excel for pre-
viewing .csv files, and Visual Studio Code for
utilizing Python with the previously mentioned
libraries. Diagrams.net was used to create the
flowchart.

Figure 2: Relationship between proportion of
energy from low-carbon sources and GDP per
capita.

Figure 3: Relationship between proportion of
energy from low-carbon sources and oil produc-
tion per capita.

3 Results

Results were generated into a plot through
the aforementioned process. In all graphs, r is
used to denote the Pearson Correlation Coeffi-
cient of each model, and R2 is used to denote
the Coefficient of Determination. Based on the
r and R2 values and through visual observation,
a weak but present correlation exists in each of
the graphs. In Figures 2 and 3, a logarithmic
scale was used for the GDP per Capita Oil Pro-
duction Per Capita axes to improve the clarity
of the graph. Figures 5 and 6 do not present
an analysis, however, they have been added for
clarity on how these factors are related to geo-
graphical location.

4 Discussion

The correlation between all three factors and
the availability of low-carbon energy sources is
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Figure 4: Relationship between proportion of
energy from low-carbon sources and human de-
velopment index.

Figure 5: World map of Human Development
Indexes.

Figure 6: World map of proportion of energy
derived from low-carbon sources. Note: Data
are not available for some countries.

very apparent, especially when considering the
r and R2 values. While they may not be partic-
ularly strong, they show that GDP, oil produc-
tion, and Human Development Index values are
linked to the availability of clean energy.

The metric chosen to reflect a country’s adop-
tion of clean energy was the proportion of their
energy that came from low-carbon sources for a
variety of reasons. Choosing to measure it in
terms of total kilowatt-hour (kWh) would not
have been as effective because different countries
have differing energy needs, introducing factors
that were irrelevant to the topic. Even measur-
ing by total kWh per capita would only take into
account the population factor of energy genera-
tion. Measuring only renewable energy was ini-
tially considered, however, this excludes nuclear
energy, which, while not technically renewable,
is widely considered to be clean energy, and is
the second most popular source of low-carbon
energy [8].

In Figure 2, the model compared the GDP per
capita of a country to the availability of clean
energy. GDP per capita was used because it
is a reliable indicator of an economy’s size [2].
The results show that generally, countries with
a higher GDP per capita have a higher share of
energy from low-carbon sources. However, the
correlation is relatively weak, with a Pearson
Correlation Coefficient value of just 0.36, and an
R2 value of 0.13, meaning that there are other
factors that contribute. For example, Qatar, de-
spite having a very high GDP per capita, does
not use a lot of low-carbon energy sources.

In Figure 3, oil production per capita was
compared to clean energy use. As depicted
by the graph, a Pearson Correlation Coefficient
value of 0.19, and an R2 value of only 0.03,
the correlation is very weak. As such, we can
come to the conclusion that the amount of oil a
country produces has no bearing on their adop-
tion of clean energy. One example where this is
clear is when comparing Canada to the United
States. Canada produces approximately three
times more oil than the United States by kWh
per capita, yet 33.94% of its energy comes from
low-carbon sources, as opposed to the United
States’ 16.74%. This is in stark contrast to what
was hypothesised, as at first glance, one may be
led to believe that oil-producing countries would
be less likely to adopt clean energy.

Finally, Figure 4 shows a clear correlation be-
tween a country’s Human Development Index
(HDI) value and their low-carbon energy share.
As depicted in Figure 7, the HDI value is calcu-
lated from a variety of factors, creating a final
value that summarises the level of human devel-
opment in a given country, including economic
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Figure 7: Factors that are taken into account in
the United Nations Development Programme’s
Human Development Index.

growth, but also introducing other factors. The
Pearson Correlation Coefficient and R2 values
are the highest of all of the values compared in
this study, showing that there is a distinct link
between a country’s human development and its
adoption of clean energy. Yet once again, with
a mean squared error of 230.07, there is a lot
of variation in the data, meaning that there are
certainly other factors that contribute.

Conclusions
Based on the analysis performed in this study,

it is evident that economic factors influence
clean energy adoption in a given country. GDP
per capita, a measure of economic power, has
a weak correlation. On the other hand, HDI,
a measure of human development, has a much
stronger correlation. A country’s oil production
also has a weak, but still non-negligible impact.
Therefore, while the study has shown the clear
role that economic factors play in clean energy
adoption, other, non-economic factors also can
affect it, which could be the topic of future stud-
ies.
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