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Abstract
The purpose of this paper is to verify the main determinants of carbon emissions in the literature
on the Environmental Kuznets Curve (EKC) for a panel with 20 countries during the years
1990 and 2014. We chose 29 variables, used in EKC papers, and we use machine learning
models to select the most relevant variables in determining emissions of 𝐶𝑂2. In addition to
performing this exercise using the full sample of countries, we subdivided the sample into two
subgroups: high-income countries and middle/lower-income countries. The main results show
that the EKC hypothesis is violated in high-income countries, because the coefficients were
discarded by machine learning algorithms. We also found that the variables that most contribute
to the emissions of 𝐶𝑂2 in all samples are the use and consumption of electric energy and the
consumption and production of energy from non-renewable sources. At the same time, energy
consumption from renewable sources is able to reduce pollution in all samples. The "Pollution
Haven Hypothesis (PHH)" phenomenon in middle/lower-income countries was also found. From
these results, policy measures to reduce carbon emissions are suggested.
Keywords: 𝐶𝑂2 Emissions. LASSO. Ridge. Elastic Net.
JEL Classification: C33, Q40, Q54

Resumo
O objetivo deste artigo é verificar os principais determinantes das emissões de carbono dentro
da literatura que trata da Curva de Kuznets do Meio Ambiente (EKC) para um painel com
20 países durante os anos de 1990 e 2014. Escolhemos 29 variáveis, utilizadas nos trabalhos
de EKC, e usamos modelos de machine learning para selecionar as variáveis mais relevantes
na determinação das emissões de 𝐶𝑂2. Além de realizar esse exercício utilizando a amostra
completa de países, subdividimos a amostra em dois subgrupos: países de alta renda e países de
média e baixa renda. Os principais resultados mostram que a hipótese da EKC é violada nos
países de renda alta, pois os coeficientes relacionados à renda foram descartados pelos algorítmos
de machine learning. Além disso, foi possível verificar que as variáveis que mais contribuiem para
as emissões de 𝐶𝑂2 em todas as amostras são o uso e consumo de energia elétrica e o consumo e
produção de energia de fonte não renovável. Ao mesmo tempo em que o consumo de energia de
fontes renováveis é capaz de reduzir a poluição em todas as amostras. Também foi constatada
a existência do fenômeno do "Pollution Haven Hypothesis (PHH)"nos países de baixa renda. A
partir desses resultados são sugeridas medidas de política para reduzir as emissões de carbono.
Palavras-chave: Emissões de 𝐶𝑂2. LASSO. Ridge. Elastic Net.
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1 Introduction
Over time it has been found empirically that concentrations of carbon dioxide (𝐶𝑂2) in the

atmosphere and other greenhouse gases (GHG) have increased. As a result, the planet is warmer,
consequently resulting in climate change (Dietz and Rosa, 1997), (Shi, 2003). This is due to the
industrialization process and economic growth that were mainly driven by non-renewable energy
sources, such as oil, coal and gas.

According to Sinha and Shahbaz (2018) when a country’s economy begins to enter a growth
trajectory, then, in the initial stage of economic growth, environmental quality deteriorates due to
ambient air pollution, deforestation, soil and water contamination and several other factors. With the
increase in the country’s income level, when the economy begins to develop, the rate of deterioration
decreases and, at a specific level of income, environmental deterioration begins to decrease and
environmental quality improves. The first to describe this process was Kuznets (1955). Thus, in
the literature on environmental economics this phenomenon has come to be called the Kuznets
Environment Curve hypothesis (EKC). From the seminal work of Grossman and Krueger (1991) the
EKC literature gained notoriety among economists.

In the literature, a large number of studies have found evidence of the relationship between
environmental quality and economic growth in an inverted U curve, which validates the EKC hypothe-
sis (Bo (2011), Pasten, Figueroa et al. (2012), Shahbaz, Mutascu and Azim (2013), Apergis (2016),
Wang, Han and Kubota (2016), Zaman et al. (2016), Sapkota and Bastola (2017), Pablo-Romero,
Cruz and Barata (2017), Dong et al. (2018), Liu, Qu and Zhao (2019), Aydin, Esen and Aydin
(2019), among others). However, some authors did not find an inverted U-curve relationship between
environmental pollution and income and, in some cases, the hypothesis of a long-term relationship
between the variables was rejected (Long et al. (2015), Joshi and Beck (2018), Zambrano-Monserrate
et al. (2018), among others.).

According to Balaguer and Cantavella (2018), throughout the literature on EKC the estimates
of income coefficients have been questioned. Consequently, several studies have been dedicated to
improving estimates, introducing new variables in the model specification, such as income inequality;
energy use indicators; urban population growth; IDE among others1. However, currently, there is
already a large number of variables used in the specifications of the models that aim to test the
EKC hypothesis, which makes it difficult to use traditional econometric models due to the fact that
most of these variables are highly correlated. Thus, in this paper we have assembled a large set of
explanatory variables used in the EKC literature and used machine learning algorithms that select
the best regressors to explain 𝐶𝑂2 emissions, excluding variables considered irrelevant to the model.

Thus, the aim of the present paper is to verify which are the main determinants of carbon
emissions using the machine learning Ridge, least absolute shrinkage and selection operator (LASSO)
and Elastic Net models. After selecting the important variables to determine the emission level of
𝐶𝑂2, some policy measures to reduce the emission of pollution will be suggested. The sample used
is composed of a panel with 20 countries with annual data starting in 1990 and ending in 2014.

In addition, we perform estimates for two sub-samples: high-income countries and middle/lower-
income countries. The purpose is to see different effects when we separate countries by income level.
Separation is important, as these two groups of countries have different characteristics in terms of
income, educational, technological, energy, industrial and environmental levels. Thus, it is also impor-
tant to analyze the results for both groups of countries, as recommendations for policy measures to
mitigate the effects of pollution at the global level tend not to be appropriate given the characteristics
between countries.
1 See the works of Torras and Boyce (1998); Heil and Selden (2001); Richmond and Kaufmann (2006); Baek and

Gweisah (2013); Long et al. (2015); Tang and Tan (2015); Tang and Tan (2015); Mahmood, Alrasheed and Furqan
(2018); Sinha and Shahbaz (2018); Salahuddin and Gow (2019), among others
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This paper aims to contribute in two ways. The first is for literature, contributing to the debate
on environmental economics via a new approach and indicating which variables contribute most to
emissions of 𝐶𝑂2. In this way, providing information that can serve policy-makers to implement
policies to reduce pollution, both globally and for more developed countries and for middle/lower-
income countries.

The main results indicate that for the aggregate sample and for the sample of middle/lower
income countries the EKC hypothesis is valid. For high-income countries, the parameters of the
LASSO and Elastic Net models were discarded. However, the EKC hypothesis was validated only
when we use GDP per capita, because with GDP in US$, EKC was discarded for the three types
of sample. The results also show that the variables related to energy consumption (Energy use and
Electric power consumption) contribute to the increase in emissions of 𝐶𝑂2 in all models for all
samples. The use and importance of these variables for increasing pollution is widely reported in the
literature.

Energy consumption from renewable and non-renewable sources also proved to be fundamental
in explaining carbon emissions. In this case, the use of renewable sources is able to reduce the
emission of 𝐶𝑂2 and fossil sources increase pollution. However, the effects of non-renewable sources
showed higher elasticities in relation to renewable sources, mainly in middle/lower income countries.
Therefore, a policy of encouraging the use of renewable sources instead of non-renewable sources is
essential to mitigate the effects of pollution from 𝐶𝑂2, focusing on the poorest countries that still
have a high share of fossil sources.

It was also verified that the economic opening and the FDI did not have their respective para-
meters discarded in aggregate terms and for the middle/lower income countries. Thus, the phenome-
non of "Pollution Haven Hypothesis (PHH)"2 was found to occur in middle/lower income countries.
Therefore, it is necessary for the governments of these countries to tighten environmental laws to
prevent highly polluting industries from being able to pollute in these countries.

Finally, some variables such as Current health expenditure per capita, Industry (including
construction), Services, Population, Research and development expenditure and Urban population
obtained elasticities in the Ridge model, however, its parameters were discarded by the LASSO and
Elastic Net models for the total sample.

This paper is divided into five sections. Following the introduction, the second section presents
the data used. The third section explains the methodology used to achieve the objectives of the paper.
The fourth section indicates the main results obtained. Finally, the fifth section expounds the main
conclusions and policy implications.

2 Data
We built cross-panel data sets from World Bank Development Indicators, from 1990 to 2014.

For the sample, we used 20 countries that can be seen in Table 6 in the appendix. The selection of
countries and years is based on data availability, because most of the series used start in 1990. The
dependent variable is emissions of 𝐶𝑂2. The explanatory variables are 29 in total. The large number
of regressors is justified by the objective of the article to select the most relevant variables in the
literature in determining emissions of 𝐶𝑂2. Table 1 presents the definitions for the variables in the
study. All series were used in logarithmic form.
2 The PHH hypothesis says that due to the low rigor of environmental regulations in less developed countries,

industries that are highly polluting migrate from developed to less developed countries.
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Table 1: Definition of Variables
Variables Description Expected signal
𝐶𝑂2 𝐶𝑂2 emissions (metric tons per capita)
GDPP GDP per capita (current US$) +
𝐺𝐷𝑃 𝑃 2 GDP per capita square (current US$) -
GDP GDP (constant 2010 US$) +
𝐺𝐷𝑃 2 GDP square (constant 2010 US$) -
AGRL Agricultural land (sq. km) +
AGRV Agriculture, forestry, and fishing, value added (annual % growth) +
AGRVW Agriculture, forestry, and fishing, value added per worker (constant 2010 US$) +
CRED Domestic credit to private sector (% of GDP) +
HEXPPC Current health expenditure per capita (current US$) +
ENGC Electric power consumption (kWh per capita) +
FOSSILPRD Electricity production from oil sources (% of total) +
RNWPRD Electricity production from renewable sources, excluding hydroelectric (kWh) -
ENGIL Energy intensity level of primary energy (MJ/$2011 PPP GDP) +
ENGUSE Energy use (kg of oil equivalent per capita) +
FDI Foreign direct investment, net inflows (% of GDP) +
FOREST Forest area (sq. km) ?
FOSSILCSP Fossil fuel energy consumption (% of total) +
GINI GINI index (World Bank estimate) +
GEE Government expenditure on education, total (% of GDP) ?
INDV Industry (including construction), value added (annual % growth) +
MFTV Manufacturing, value added (% of GDP) +
POP Population Growth +
RNWCSP Renewable energy consumption (% of total final energy consumption) -
RD Research and development expenditure (% of GDP) -
SERV Services, value added (annual % growth) +
NATRR Total natural resources rents (% of GDP) -
TOP Trade Openness (% of GDP) +
URBANT Urban population (% of total population) +
URBANG Urban population growth (annual %) +

We chose the carbon emissions (𝐶𝑂2) to represent pollution as a dependent variable, which
is measured in terms of metric tons per capita. According to the World Bank, most carbon dioxide
emissions come from the manufacture of cement and the use of fossil fuels.

The traditional EKC model considers the effect of income growth on environmental quality,
so to verify the existence of the EKC hypothesis and the inverted U shape, we use GDP per capita
(GDPP) as GDP proxy, GDP in US$ (GDP), the quadratic form of GDP per capita (𝐺𝐷𝑃𝑃 2) and
the quadratic form of GDP (𝐺𝐷𝑃 2). We chose both GDP per capita and GDP in US$3 because both
variables are used as measures of income in works carried out in the EKC literature, although GDP
per capita is more widely used. Then, the EKC hypothesis is confirmed if GDPP and GDP get a
positive sign and 𝐺𝐷𝑃𝑃 2 and 𝐺𝐷𝑃 2 a positive sign.

Energy use (ENGUSE) is a key variable in determining carbon emissions. The inclusion of this
variable has become a standard procedure in the literature because carbon emissions are normally a
by-product of energy use (Joshi and Beck, 2018). According to Azam and Khan (2016), the energy
use variable has produced different results in several studies in the EKC literature.

The relationship between carbon emissions and energy consumption is fundamental in the
EKC literature. It is already an established fact that the use of renewable energy sources is one of
the most efficient ways to reduce the concentration of 𝐶𝑂2 in the atmosphere. ENGC is electricity
consumption (kWh per capita), FOSSILCSP fossil fuel energy consumption (% of total), RNWCSP
renewable energy consumption (% of total final energy consumption), FOSSILPRD a Production of
electricity from oil sources (% of total) and RNWPRD o Production of electricity from renewable
sources, excluding hydroelectric (kWh). According to Sarkodie and Strezov (2018), with economic
development there is an increase in energy demand in the form of burning fossil energy sources,
such as oil, coal and natural gas, to produce electricity in homes and industries. Therefore, this
growth in the economy generates environmental degradation and vice versa. On the other hand, the
consumption of energy from renewable sources tends to reduce the effects of energy consumption on
environmental pollution (Sarkodie and Strezov, 2018).
3 See the works of Katircioğlu and Katircioğlu (2018), Asumadu-Sarkodie and Owusu (2016), Long et al. (2015),

among others.
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To represent a country’s financial development, domestic credit to the private sector was
chosen as a proxy as a proportion of GDP (CRED). According to Shahbaz and Lean (2012) finan-
cial liberalization is expected to encourage an increase in savings and investments, which can lead
to economic growth. Consequently, with economic growth, pollution tends to increase leading to
environmental degradation.

The area of forest covered in square kilometers (FOREST) is a variable that can help reduce
or increase carbon emissions. Waheed et al. (2018) says that it is common for people to believe that
the forest area is capable of mitigating carbon emissions. However, the forest area can also contribute
to the 𝐶𝑂2 increase in the atmosphere through the natural process of photosynthesis and forest fires.
So the expected signal for FOREST a priory is uncertain.

Three variables used in the literature to represent the impacts of the agricultural sector on
carbon emissions are the annual growth of agricultural production in terms of agricultural added
value (AGRIV); agricultural production in terms of agricultural added value per worker (AGRIVW)
and area occupied by agriculture (AGRL). Reynolds and Wenzlau (2012) states that the agricultural
sector contributes to environmental deterioration, because it uses intensive fuels in non-renewable
sources for pumping water and irrigating the soil, in addition to using nitrogen-rich fertilizers that
are responsible for 14% to 30% of total greenhouse gas emissions.

Foreign direct investment (FDI) is used as a proxy for international trade and is very relevant
in the literature. A positive relationship is expected in FDI and carbon emissions and if in fact this
relationship is found, then the phenomenon of the “Pollution Haven Hypothesis” (PHH) occurs. It
is common in the literature that PHH is verified in middle/low income countries, as environmental
regulation is normally low in these countries, which attracts industries that are intensive in pollution
from high income countries.

We use Population growth (POP) to consider how changes in a country’s population growth
can impact carbon emission levels. Although some research has found no relationship between popu-
lation growth and environmental pollution (Dutt, 2009), several studies have found that a growing
population tends to worsen environmental quality in general, mainly by increasing carbon emissi-
ons (Shi, 2003), (Dinda, 2004), (Martínez-Zarzoso, Bengochea-Morancho and Morales-Lage, 2007),
(Dasgupta et al., 2006), Wang, Li and Fang (2018), Joshi and Beck (2018), among others.

We use two variables as a proxy for the degree of urbanization, the first being Urban population
(URBANT) and the second Urban population growth (URBANG). The literature reports a positive
relationship 4 between urbanization and environmental deterioration as cities tend to use more energy
and generate more air pollution (Cole and Neumayer, 2004), (Panayotou, 1997), (Sharma, 2011),
Katircioğlu and Katircioğlu (2018), Zaman and Moemen (2017), Wang, Li and Fang (2018), Joshi
and Beck (2018).

To represent trade openness, we chose the trade openness as a proportion of GDP (TOP).
In the EKC literature, a greater degree of trade openness leads to higher carbon emissions because
according to the Hecksher-Ohlin theory of trade, trade openness provides an increase in the con-
sumption of goods which increases industrial production and consequently pollution (Sirag et al.,
2018).

Government expenditure on education as a proportion of GDP (GEE) is a proxy for the
level of education in society. The expected signal for this variable is uncertain, as studies in the EKC
literature found that the educational level can increase or reduce environmental pollution. The works
of (Dasgupta et al., 2002), (Lange and Ziegler, 2012) and Balaguer and Cantavella (2018) find that
higher levels of education are able to reduce the level of pollution, especially for countries that already
have a population with a high level of education because with high levels of education they allow
cleaner technologies and awareness among people who thus impose higher environmental standards.
4 However, some studies have found a negative relationship between urbanization and carbon emissions, as a greater

degree of urbanization would oblige governments to be concerned about pollution.
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In countries with a low level of education, on the other hand, it is expected that when education
increases and society’s income tends to increase, consequently the consumption of non-renewable
resources and increasing emissions tends to increase.

Total natural resources rent as a proportion of GDP (NATRR) indicates the abundance of
natural resources. More natural resources to help control carbon emissions in an economy, because
there is little need to import fossil energy sources (Balsalobre-Lorente et al., 2018), Shahabadi, Feyzi
et al. (2016).

To measure technological innovation, we use Energy intensity level of primary energy (ENGIL)
and Research and development expenditure as a proportion of GDP (RD). Technological innovation
makes production more efficient through gains in scale and allows the creation of clean technologies.
Therefore, more technological innovation is expected to reduce environmental pollution.

Industry (including construction) value added (INDV) and Manufacturing, value added as a
proportion of GDP (MFTV) represent the degree of industrialization; Services value added (SERV)
represents the growth of the services sector in the economy. According to Shahbaz and Lean (2012),
industrialization is one of the main factors that directly and indirectly affect energy consumption.
The service sector also contributes to the increase in environmental pollution because the growth of
this sector also increases energy consumption.

Current health expenditure per capita (HEXPPC) and GINI index (GINI) are the variables
that seek to measure human development. The results found in the EKC literature show that human
development tends to increase carbon emissions.

3 Materials and methods
To estimate the influence of explanatory variables on 𝐶𝑂2 emissions in the group of selected

countries, this study first established an econometric model in the form of a panel, constructed as
follows:

𝑦𝑖𝑡 = 𝛼 + 𝛽𝑖𝑋𝑖𝑡 + 𝜀𝑖𝑡 (1)

where 𝑦𝑖𝑡 represents the 𝐶𝑂2 emissions of the country i in the year t, is the dependent variable;
𝛽 is the coefficient to be estimated; X represents a vector of exogenous variables. 𝛼 is a constant
term and 𝜀𝑖𝑡 denotes an error term. The basic panel parameters will be estimated using the Ridge,
LASSO and Elastic Net methods, which will be presented in the next sections.

3.1 Ridge
It is well known that OLS often does poorly in prediction on future data, for instance, due to

overfitting. In this sense, penalization techniques have been proposed in the literature to improve OLS
accuracy. For instance, the ridge regression (see Hoerl and Kennard (1988)) minimizes the squared
sum of the residuals subject to a bound on the l2-norm of the parameters, as follows:

̂︀𝛽 = {𝛽1, . . . , 𝛽𝑘}arg min

⎛⎜⎝ 1
𝑇

𝑇∑︁
𝑡=1

⎛⎝𝑦𝑡 −
𝑘∑︁

𝑗=1
𝑥′

𝑗,𝑡𝛽𝑗

⎞⎠2

+ 𝜆
𝑘∑︁

𝑗=1
𝛽2

𝑗

⎞⎟⎠ (2)

where 𝛽 is the k x 1 vector of parameters, 𝑦𝑡 is the dependent variable,
{︁
𝑥1,𝑡, . . . , 𝑥′

𝑘,𝑡

}︁
is the

k x 1 vector of regressors and 𝜆 is the so-called shrinkage parameter.
Note that the extent of the shrinkage penalty is determined by the parameter 𝜆, whose

optimal value will in practice be determined by cross-validation (i.e., splitting the data into K folds
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and iteratively re-estimating the model for each fold). Choosing a higher 𝜆 will lead to a stronger
shrinkage of the regression coefficients, whereas setting 𝜆 = 0 will produce the same results of a
standard ordinary least squares (OLS) regression.

Also, because ridge regression is a continuous shrinkage method, it can achieve a better out-of-
sample performance through a bias-variance trade-off (i.e., use regularization to balance the forecast
errors due to bias and variance). In particular, the ridge regression is good at improving the OLS
counterpart when multicollinearity is present. However, ridge cannot produce a parsimonious model,
since it always keeps all the predictors in the model.

3.2 LASSO
The least absolute shrinkage and selection operator (lasso) was originally proposed by Tibshi-

rani (1996). The core idea is to shrink to zero the irrelevant coefficients. The LASSO method adds
a penalty term to the cost function which keeps the estimated value of the regression coefficients
small, thus reducing the inflation in standard errors often found in the presence of multicollinearity.
When selecting variables, LASSO minimizes the residual sum of squares subject to the sum of the
absolute value of the coefficients being less than a constant. More specifically,

̂︀𝛽 = {𝛽1, . . . , 𝛽𝑘}arg min

⎛⎜⎝ 1
𝑇

𝑇∑︁
𝑡=1

⎛⎝𝑦𝑡 −
𝑘∑︁

𝑗=1
𝑥′

𝑗,𝑡𝛽𝑗

⎞⎠2

+ 𝜆
𝑘∑︁

𝑗=1
|𝛽𝑗|

⎞⎟⎠ (3)

where (as in the ridge regression) 𝛽 is the vector of parameters and 𝜆 is the shrinkage parame-
ter. Due to the nature of the 𝑙1-norm, lasso is able to do continuous shrinkage and automatic variable
selection simultaneously, whereas the ridge regression only shrinks the coefficients close to zero (but
does not exclude them from the model). Also, by setting 𝜆 = 0 leads to the OLS estimation.

According to Zou and Hastie (2005), although the lasso has shown success in many practical
situations, it has some limitations and might become an inappropriate variable selection method.
The authors list a few examples: (i) when the number of predictors k is greater than the number of
observations T, the lasso selects at most T variables before it saturates, due to the nature of the
convex optimization problem; (ii) in the case of grouping effect5, the lasso tends to select only one
variable from the group (and does not care which one is selected); (iii) in the case of 𝑇 > 𝑘 and
in the presence of high correlations between predictors, it has been empirically observed that ridge
regression tends to perform better than lasso.

3.3 Elastic Net
The elastic net is a regularization and variable selection method proposed by Zou and Hastie

(2005), as a generalization of the lasso. Similarly to the lasso, the elastic net simultaneously does
automatic variable selection and continuous shrinkage, and it can select groups of correlated variables.

Simulation studies show that the elastic net often outperforms the lasso, in terms of predictive
power, while enjoying a similar sparsity representation. The elastic net encourages a grouping-effect,
where highly correlated regressors tend to be jointly included (or excluded) from the model, and it
can be particularly useful when the number of predictors k is high when compared to the number of
observations T.

For a non-negative shrinkage parameter 𝜆, and a combination parameter 𝛼 strictly between
0 and 1, the elastic net solves the following problem:
5 The grouping effect occurs if the regression coefficients of a group of highly correlated variables tend to be equal

(up to a change of sign if negatively correlated).
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̂︀𝛽 = {𝛽1, . . . , 𝛽𝑘}arg min

⎛⎜⎝ 1
𝑇

𝑇∑︁
𝑡=1

⎛⎝𝑦𝑡 −
𝑘∑︁

𝑗=1
𝑥′

𝑗,𝑡𝛽𝑗

⎞⎠2

+ 𝜆𝑃𝛼(𝛽)

⎞⎟⎠ (4)

where

𝑃𝛼(𝛽) =
𝑘∑︁

𝑗=1
𝛼 |𝛽𝑗| + (1 − 𝛼)

2 𝛽2
𝑗 (5)

Note that the elastic net is the same as the lasso when 𝛼 = 1. As 𝛼 shrinks toward 0, elastic net
approaches the ridge regression. For other values of 𝛼, the penalty term 𝑃𝛼(𝛽) interpolates between
the l1-norm of 𝛽 and the squared l2-norm of 𝛽. The tuning parameter 𝜆 controls the overall strength
of the penalty. Note the objective function is convex and so can be minimized using any convex
optimization method such as gradient or coordinate descent.

In addition, although we defined the elastic net by using (𝜆; 𝛼), this is not the only choice
as the tuning parameters; see Zou and Hastie (2005). For example, one could use the l1-norm of the
coefficients or the fraction of the l1-norm to parameterize the elastic net.

4 Results and discussions
The results analysis is initiated by Figure 1 which illustrates the correlation matrix of the

variables. Most signs of the correlations are in line with what is expected in the literature (see
Table 1). The variable most positively correlated with 𝐶𝑂2 is energy use (ENGUSE), with a value of
0.89. This fact is not surprising, as this variable was shown to be quite relevant in EKC studies. The
variable most negatively correlated with pollution is the square of the product per capita (𝐺𝐷𝑃𝑃 2).
Per capita income (GDPP) correlated with higher carbon emissions compared to total income (GDP).
Another interesting fact is that the variables related to fossil energy have a correlation with 𝐶𝑂2
higher when compared to the variables related to renewable energy. Some variables such as AGRL,
GINI, INDV, POP and URBANG presented different correlations than expected.

Figure 1: Correlation matrix

To examine the unit root properties of the variables, we applied the unit root tests of Levin,
Lin and Chu (2002) (LLC), Im, Pesaran and Shin (2003) (IPS), Maddala and Wu (1999) (ADF-
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Fisher) (PP-Fisher) to the logarithm of the variables in the model. The first two procedures are
generalizations of the ADF principle. The null hypothesis is a unitary root against the alternative
hypothesis of a stationary process for all (LLC) or at least for a cross section (IPS). The last two
test the null hypothesis of unit root against the alternative hypothesis of an individual stationary
process.

The results of unit root tests are shown in Table 2 and Table 3. The LLC unit root test
indicates that with the exception of FOSSILPRD, GINI, POP and URBANG all variables have unit
root processes at the intercept and trend level. After the first differences, variables with a unit root
become stationary. This shows that the variables are integrated in order 1, I(1). The IPS, ADF-Fisher
and PP-Fisher unit root tests also confirm the empirical findings of the LLC unit root test.

Table 2: Panel unit root analysis - Level
Variables LLC-Test (A) IPS-Test (A) ADF-Fisher Chi-square (B) PP-Fisher Chi-square (B)

𝐶𝑂2
2.25039
(0.9878)

4.03390
(1.0000)

15.2208
(0.9884)

13.4564
(0.9960)

GDPP 1.98065
(0.9762)

4.61319
(1.0000)

9.44394
(0.9999)

6.78553
(1.0000)

𝐺𝐷𝑃 𝑃 2 3.39411
(0.9997)

5.01144
(1.0000)

9.19523
(0.9999)

5.82497
(1.0000)

GDP 3.15829
(0.9992)

6.77503
(1.0000)

6.37525
(1.0000)

7.58930
(1.0000)

𝐺𝐷𝑃 2 6.28993
(1.0000)

9.18974
(1.0000)

4.17867
(1.0000)

4.35173
(1.0000)

AGRL 0.14870
(0.5591)

3.48302
(0.9998)

12.2319
(0.9983)

25.9497
(0.6777)

AGRV 4.75068
(1.0000)

4.14206
(1.0000)

29.1737
(0.5085)

30.2900
(0.4509)

AGRVW 7.52741
(1.0000)

8.33771
(1.0000)

7.47331
(1.0000)

12.6927
(0.9976)

CRED -1.51560*
(0.0648)

1.19099
(0.8832)

19.7713
(0.9224)

16.6259
(0.9768)

HEXPPC 4.87763
(1.0000)

7.26142
(1.0000)

3.04845
(1.0000)

1.01290
(1.0000)

ENGC 0.22294
(0.5882)

1.34896
(0.9113)

31.3003
(0.4008)

35.6693
(0.2191)

FOSSILPRD -1.64887**
(0.0496)

-0.05309
(0.4788)

30.6651
(0.4320)

31.8770
(0.3733)

RNWPRD 13.5383
(1.0000)

14.4201
(1.0000)

4.36435
(1.0000)

0.24574
(1.0000)

ENGIL 0.22667
(0.5897)

4.70722
(1.0000)

7.78039
(1.0000)

26.3740
(0.6559)

ENGUSE 2.51477
(0.9940)

3.04341
(0.9988)

21.0092
(0.8876)

20.3757
(0.9064)

FDI 2.03179
(0.9789)

2.55170
(0.9946)

19.4696
(0.9296)

20.3757
(0.9064)

FOREST -1.37031*
(0.0853)

2.03205
(0.9789)

18.0802
(0.8728)

43.4597**
(0.0173)

FOSSILCSP 0.83492
(0.7981)

3.51770
(0.9998)

27.1665
(0.6145)

30.1873
(0.4561)

GINI -588.04***
(0.0000)

0.00323
(0.5013)

25.8084
(0.5836)

60.0713***
(0.0004)

GEE -0.28423
(0.3881)

-0.72460
(0.2343)

44.6063**
(0.0420)

51.6055***
(0.0084)

INDV 6.04878
(1.0000)

8.04970
(1.0000)

0.97825
(1.0000)

1.01290
(1.0000)

MFTV 0.67011
(0.7486)

3.20122
(0.9993)

14.3532
(0.9929)

14.9036
(0.9903)

POP -5.52149***
(0.0000)

6.25636
(1.0000)

31.5091
(0.3907)

117.931***
(0.0000)

RNWCSP 4.32821
(1.0000)

4.96074
(1.0000)

13.7739
(0.9950)

24.0024
(0.7719)

RD 4.77057
(1.0000)

5.07596
(1.0000)

8.78515
(0.9999)

14.0960
(0.9939)

SERV 3.14655
(0.9992)

1.79505
(0.9637)

15.1683
(0.9888)

15.0787
(0.9893)

NATRR -0.42689
(0.3347)

-0.98873
(0.1614)

33.6373
(0.2956)

81.0590***
(0.0000)

TOP -1.52658*
(0.0634)

1.26206
(0.8965)

19.0096
(0.9398)

15.0787
(0.9893)

URBANT 0.01793
(0.5072)

1.68294
(0.9538)

35.4120
(0.1582)

77.2046***
(0.0000)

URBANG -4.43991***
(0.0000)

-1.49553*
(0.0674)

42.3526*
(0.0667)

23.1191
(0.8103)

Note: (A): Null: Unit root (assumes a common unit root process); (B): Null: Unit root (assumes an
individual unit root process); Probabilities are given in ().

*** denotes rejection of the null hypothesis at 1% significance level.
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Table 3: Panel unit root analysis - First Difference

Variables LLC-Test (A) IPS-Test (A) ADF-Fisher Chi-square (B) PP-Fisher Chi-square (B)

𝐶𝑂2
-5.53437***

(0.0000)
-6.51337***

(0.0000)
102.091***

(0.0000)
212.477***

(0.0000)

GDPP -6.82863***
(0.0000)

-6.74583***
(0.0000)

102.847***
(0.0000)

119.538***
(0.0000)

𝐺𝐷𝑃 𝑃 2 -5.29994***
(0.0000)

-6.93539***
(0.0000)

110.565***
(0.0000)

121.013***
(0.0000)

GDP -5.31985***
(0.0000)

-6.87447***
(0.0000)

111.121***
(0.0000)

138.373***
(0.0000)

𝐺𝐷𝑃 2 -1.59311*
(0.0556)

-4.70050***
(0.0000)

93.6256***
(0.0000)

114.418***
(0.0000)

AGRL -1.71770**
(0.0429)

-6.10461***
(0.0000)

93.8146***
(0.0000)

236.513***
(0.0000)

AGRV -4.87481***
(0.0000)

-7.04086***
(0.0000)

129.970***
(0.0000)

459.531***
(0.0000)

AGRVW 0.66671
(0.7475)

-5.52113***
(0.0000)

109.755***
(0.0000)

268.596***
(0.0000)

CRED -4.61129***
(0.0000)

-6.70611***
(0.0000)

105.103***
(0.0000)

280.219***
(0.0000)

HEXPPC -4.17686***
(0.0000)

-3.60397***
(0.0002)

64.4111***
(0.0003)

87.0360***
(0.0000)

ENGC -4.39662***
(0.0000)

-5.19982***
(0.0000)

83.4648***
(0.0000)

179.543***
(0.0000)

FOSSILPRD -8.48951***
(0.0000)

-9.88153***
(0.0000)

150.958***
(0.0000)

380.705***
(0.0000)

RNWPRD -14.4770***
(0.0000)

-12.8589***
(0.0000)

204.177***
(0.0000)

344.659***
(0.0000)

ENGIL -4.55177***
(0.0000)

-7.46009***
(0.0000)

112.047***
(0.0000)

253.516***
(0.0000)

ENGUSE -4.98339***
(0.0000)

-6.27558***
(0.0000)

97.3137***
(0.0000)

204.615***
(0.0000)

FDI -2.48369***
(0.0065)

-2.44411***
(0.0073)

60.9788***
(0.0007)

204.615***
(0.0000)

FOREST -4.09716***
(0.0000)

-4.47591***
(0.0000)

94.9900***
(0.0000)

271.034***
(0.0000)

FOSSILCSP -4.30362***
(0.0000)

-6.93415***
(0.0000)

119.781***
(0.0000)

271.034***
(0.0000)

GINI -7301.3***
(0.0000)

-2323.4***
(0.0000)

487.139***
(0.0000)

911.613***
(0.0000)

GEE -7.12589***
(0.0000)

-9.96173***
(0.0000)

156.119***
(0.0000)

438.915***
(0.0000)

INDV 4.690983***
(0.0000)

-4.01569***
(0.0000)

76.8710***
(0.0000)

87.0360***
(0.0000)

MFTV -7.18703***
(0.0000)

-8.25527***
(0.0000)

125.913***
(0.0000)

201.189***
(0.0000)

POP -5.84562***
(0.0000)

-4.71707***
(0.0000)

86.3033***
(0.0000)

28.0221
(0.5693)

RNWCSP -4.40043***
(0.0000)

-6.65275***
(0.0000)

106.376***
(0.0000)

193.686***
(0.0000)

RD -4.59083***
(0.0000)

-6.14436***
(0.0000)

100.887***
(0.0000)

207.302***
(0.0000)

SERV -13.5440***
(0.0000)

-11.3560***
(0.0000)

179.588***
(0.0000)

300.672***
(0.0000)

NATRR -10.9475***
(0.0000)

-12.8059***
(0.0000)

197.207***
(0.0000)

344.659***
(0.0000)

TOP -9.11351***
(0.0000)

-9.20051***
(0.0000)

139.974***
(0.0000)

300.672***
(0.0000)

URBANT -13.8584***
(0.0000)

-11.3560***
(0.0000)

179.588***
(0.0000)

300.672***
(0.0000)

URBANG -5.77982***
(0.0000)

-8.55866***
(0.0000)

131.986***
(0.0000)

179.569***
(0.0000)

Note: (A): Null: Unit root (assumes a common unit root process); (B): Null: Unit root (assumes an individual unit root process);
Probabilities are given in ().

*** denotes rejection of the null hypothesis at 1% significance level.

To verify the existence of a long-term relationship between carbon emissions and the other ex-
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planatory variables of the model, we use the test of Kao (1999). The Table 4 presents the values of the
statistics with their respective probabilities of acceptance of the null hypothesis of non-cointegration
between the series. The cointegration results reveal that at a significance level of 5%, the null hy-
pothesis can be rejected, that is, all explanatory variables have a long-term relationship with 𝐶𝑂2.

Table 4: Panel cointegration analysis - Kao test

Variables t-Statistic p value

GDPP 2.286000 0.0111
𝐺𝐷𝑃𝑃 2 2.729990 0.0032
GDP 2.413616 0.0079
𝐺𝐷𝑃 2 2.448721 0.0072
AGRL 2.651396 0.0040
AGRV 2.554514 0.0053
AGRVW 2.730385 0.0032
CRED 2.580837 0.0049
HEXPPC 1.822875 0.0342
ENGC 2.450537 0.0071
FOSSILPRD 2.262610 0.0118
RNWPRD 2.119092 0.0170
ENGIL 3.001420 0.0013
ENGUSE 2.638926 0.0042
FDI 3.006115 0.0013
FOREST 3.080899 0.0010
FOSSILCSP 2.396731 0.0083
GINI 3.278630 0.0005
GEE 2.755631 0.0029
INDV 2.919148 0.0018
MFTV 3.416286 0.0003
POP 2.347915 0.0094
RNWCSP 1.784631 0.0372
RD 3.413567 0.0003
SERV 2.446290 0.0072
NATRR 3.192203 0.0007
TOP 1.906078 0.0283
URBANT 3.326192 0.0004
URBANG 3.183681 0.0007

After testing the integration and cointegration properties of the variables, the next step is the
estimation of the machine learning models.

4.1 Estimation results
Figure 2 shows how the ridge, the lasso and the elastic net works in practice: the value of log

(𝜆) is shown on the horizontal axis, and the vertical axis presents the regularization path, that is,
the coefficient estimates6 𝛽𝑗 (each line represents a different variable). Table 5 shows the values of
the estimated coefficients of the models.
6 As the purpose is to select variables for policy purposes and not to predict the values of carbon emissions, we use

the full sample for the estimates.

11



Figure 2: Log Lambda

Table 5: Estimates of machine learning algorithms

Aggregate Data High Income Countries Middle/Lower
Income Countries

Variables Ridge LASSO Elastic Net Ridge LASSO Elastic Net Ridge LASSO Elastic Net

Constant -7.8758 -9.9249 -9.6733 -8.8361 -7.6598 -7.6389 -4.8857 -5.7850 -6.0270
GDPP 0.0536 0.0612 0.0433 0.0770 - - 0.0863 0.0955 0.0987
𝐺𝐷𝑃 𝑃 2 -0.0231 -0.0284 -0.0145 -0.0494 - -0.0663 -0.0798 -0.0723 -0.0663
GDP 0.0404 - - -0.03464 - - - - -
𝐺𝐷𝑃 2 -0.0204 - - - - - - - -
AGRL 0.0038 0.0053 0.0054 0.0061 0.0088 0.0088 -0.0010 -0.0040 -0.0022
AGRV -0.0099 -0.0031 -0.0041 -0.0020 - - -0.0130 -0.0570 -0.0219
AGRVW 0.0349 0.0204 0.0288 0.0652 - - 0.0131 0.0246 -
CRED 0.6341 0.5481 0.5195 0.3635 0.5473 0.5568 0.8096 0.8235 0.7867
HEXPPC 0.0108 - - 0.0332 - - -0.0204 -0.0192 -0.0209
ENGC 0.3216 0.8346 0.2306 0.1907 0.6357 0.7784 0.2708 0.9835 0.7694
FOSSILPRD 0.0125 0.0128 0.0116 0.0142 - 0.0014 0.0241 0.0317 0.0298
RNWPRD - - - - - - - - -
ENGIL 0.1261 0.2365 0.2109 0.3405 0.1406 0.1634 0.1362 0.1759 0.1539
ENGUSE 0.7196 0.1831 0.1469 0.5944 0.1575 0.1521 0.5297 0.9254 0.9936
FDI 0.0128 0.0089 0.0058 0.0051 - - 0.0274 0.1275 0.1203
FOREST -0.0026 -0.0028 -0.0026 0.00371 - - -0.0018 -0.0022 -0.0020
FOSSILCSP 0.8923 0.9594 0.9451 0.9412 0.9706 0.9745 0.3127 0.2641 0.3089
GINI 0.0931 0.0356 0.0364 0.0689 - - 0.0467 0.0361 0.0420
GEE -0.3396 -0.1773 -0.1914 -0.2973 -0.1600 -0.1883 0.0536 0.0588 0.0708
INDV 0.0039 - - 0.0141 0.0113 0.0132 0.0022 - -
MFTV 0.0224 0.0618 0.0100 0.0122 0.0033 - -0.0077 -0.0184 -0.0208
POP -0.0011 - - -0.0019 - - -0.0012 - -
RNWCSP -0.2690 -0.3112 -0.2505 -0.1424 - - -0.1914 -0.5870 -0.4820
RD -0.4809 - - -0.2396 -0.2491 -0.2603 0.6901 1.9783 1.5257
SERV 0.0344 - - 0.0891 - - 0.0335 0.0265 0.0313
NATRR 0.0595 0.0286 0.0389 0.2361 0.1206 0.1183 -0.0124 -0.0781 -0.0542
TOP 0.0433 0.0454 0.0280 0.0746 - - 0.0246 0.0172 -
URBANT 0.0544 - - 0.0132 - - 0.0104 0.0230 0.0178
URBANG 0.0620 0.0425 0.0467 0.0367 0.0650 0.0597 0.2046 0.2495 0.2419

R-square 0.9628 0.9875 0.9645 0.9611 0.9865 0.9801 0.9793 0.9881 0.9874

Table 5 shows that there are indications in favor of the EKC hypothesis in inverted U-curve
format, since the signs of the estimated coefficients of the Ridge model of income variables (GDP,
𝐺𝐷𝑃 2, GDPP and 𝐺𝐷𝑃𝑃 2) agreed with the hypothesis. However, when we penalize the most
irrelevant variables using the LASSO and Elastic Net models, these models discard the income
variables in US$ (GDP, 𝐺𝐷𝑃 2) for the three types of sample. For high-income countries, the LASSO
model eliminated the variables that measure economic growth. Similarly to that found by Zaman and
Moemen (2017) and Wang, Li and Fang (2018), the EKC hypothesis was valid only for the complete
sample and for lower-income countries.
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Thus, this result confirmed that when a country is at the initial level of development, emissions
of 𝐶𝑂2 increase along with the increase in per capita income; however, when the country starts to
enter a development path, emissions of 𝐶𝑂2 decrease significantly. This result helps us to understand
how the EKC hypothesis works across countries. This result was also important to illustrate which
variables should be chosen as measures of income, in this case, in accordance with the EKC literature,
GDP per capita is apparently the most appropriate variable.

As in the work of Waheed et al. (2018), the signs found for the variables AGRL, AGRVW are in
accordance with what was expected for the complete sample and the parameters were not discarded.
These results support the arguments of Holly (2015), which claim that nitrous oxide and methane
from livestock practices and soil management are the factors in agriculture that most contribute to
carbon emissions. In addition, irrigation in the agricultural sector uses a lot of energy from fossil
sources. Finally, fertilizers used in agriculture have a high nitrogen content that contributes to carbon
emissions. However, for the midle/low income countries, the AGRL variable showed a negative sign
and for the high-income countries the parameters of the AGRVW variable were discarded by the
LASSO and Elastic Net models. Regarding the AGRV variable, the signs found were negative.

For FOREST, a negative sign was found for the sample in all countries and in middle/low
income countries. In the work of Waheed et al. (2018), a negative relationship was also found between
carbon emission and the forest area, prevailing the hypothesis that the forest contributes to the
reduction of carbon dioxide in the environment, especially in developing countries . The hypothesis
that the abundance of natural resources (NATRR) helps to reduce carbon emissions is valid only for
the sample in middle/low income countries. Balsalobre-Lorente et al. (2018) found no significance in
the parameters related to NATRR.

CRED obtained positive signals in all models of all samples, according to the results found
in the EKC literature (Shahbaz and Lean (2012), Bekhet, Matar and Yasmin (2017), Zhou, Wang
and Wang (2019), among others). Shahbaz and Lean (2012) says that a financially developed system
provides an efficient way to reallocate financial resources in high return investment projects. Thus,
investment stimulates economic growth, which in turn increases the demand for energy.

The results obtained for the FDI and TOP variables confirm the PHH hypothesis for the
total sample and for middle/lower income countries. Zaman and Moemen (2017) found no evidence
of PHH hypothesis for the aggregate sample, only for the sample that includes lower and middle
income countries. The LASSO and Elastic Net models discarded the sample parameters from high-
income countries.

For ENGUSE none of the parameters were discarded and showed signs with positive values,
showing that the variable is relevant for carbon emission, as well as that found in some works in
the literature (Katircioğlu and Katircioğlu (2018), Du, Wei and Cai (2012), Joshi and Beck (2018),
among others). The same was found for ENGC, which is highly correlated with ENGUSE, as well as
in the works of Wang, Li and Fang (2018) and Liu, Qu and Zhao (2019).

Regarding the variables related to renewable energies, RNWPRD and RNWCSP, the for-
mer had no effect on 𝐶𝑂2, because all parameters referring to the LASSO model and the Elastic
Net model went to zero. Despite being an unexpected result, the work of Balsalobre-Lorente et al.
(2018) obtained coefficients with no relevance in its two models. The second variable, as in the work
of Zambrano-Monserrate et al. (2018), proved to be relevant in the model. In the present paper,
RNWCSP was relevant for the aggregate sample and for middle/lower income countries, with ne-
gative signs. Regarding the variables related to fossil energy, FOSSILPRD and FOSSILCSP both
proved to be very important for 𝐶𝑂2 emissions, showing that non-renewable energy sources still
have a great impact on 𝐶𝑂2 pollution. Long et al. (2015) obtained similar results, the author says
that oil consumption has positive effects on economic growth, mainly in the chemical and transport
sectors, making this energy source the main cause of emissions of the main environmental pollutants.

The Table 5 also illustrates that the parameters of the variables used as a proxy for technolo-
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gical progress (RD; ENGIL) were in accordance with what was proposed by the literature. In the case
of RD, the parameters were discarded for the aggregate sample and for high-income countries the
signal was positive, however, for middle/lower-income countries the results were in line with expec-
tations. According to Balsalobre-Lorente et al. (2018), this may be happening because the incentives
for new energy innovation measures are linked to developed countries that have resources to invest in
energy research and development. However, with ENGIL, no parameters were discarded and all signs
were positive, as a greater intensity in the production of primary energy indicates a lower degree of
efficiency and, consequently, a lower level of technological progress. The importance of technological
innovation in reducing pollution was also found in the works of Balsalobre-Lorente et al. (2018), Du,
Wei and Cai (2012), Liu, Qu and Zhao (2019) and Sarkodie and Strezov (2018).

MFTV had a positive impact on the aggregate sample and the sample with high-income coun-
tries, INDV showed a positive result only for the richest countries and SERV only in the middle/lower-
income countries, showing that we cannot ignore the significant impact of the sector added value on
𝐶𝑂2 emissions, as industry value (INDV; MFTV) and value-added services (SERV). Similar results
were also obtained in the work of Zaman and Moemen (2017).

The level of education in society (GEE) presented interesting results for the literature. For
the aggregate sample, a negative sign was obtained in global terms, that is, more education causes
less environmental deterioration, since more education for society may imply a greater capacity to
create new clean technologies that harm less the environment, besides to make people aware of the
importance of environmental preservation. This result was also found for the sample with high-income
countries. However, for the middle/lower income countries, the result was the opposite, this confirms
the idea that when the level of education is lower, a gain in education can accelerate consumption,
mainly driving intensive activities in non-renewable energy and thus increasing pollution. Balaguer
and Cantavella (2018) found a positive sign for Australia in the sample of high-income countries.
However, the work of Zaman and Moemen (2017) obtained a positive signal for the complete sample
and for both types of countries.

For the variables that measure the level of human development (GINI; HEXPPC) only the
results obtained for GINI were in accordance with the literature, in which the signs of the parameters
were positive, however, for the sample with high-income countries, the LASSO and Elastic Net models
discarded the respective parameters. In the work of Zaman and Moemen (2017) the variable HEXPPC
was also not as expected by the literature.

Finally, the variables related to the population (POPT; URBANT; URBANG), only UR-
BANG had no parameter discarded by the machine learning models. URBANT proved to be impor-
tant in the models that used the sample with middle/lower income countries. This was probably due
to the fact that these countries still face migration from rural people to cities, unlike high-income
countries, where the entire population already practically lives in cities. Katircioğlu and Katircioğlu
(2018), Joshi and Beck (2018) and Zaman and Moemen (2017) also found that the growth of the
urban population has an impact on increasing pollution. The POP variable was not relevant.

5 Conclusions and policy implications
The environmental Kuznets curve is one of the most important debates in environmental

literature. The validity or otherwise of the EKC hypothesis has different political implications, defined
for policy makers to implement sustainable policies for different countries in the world. The objective
of the work was to verify the existence of the EKC hypothesis to select the most important variables
in explaining the emissions of 𝐶𝑂2 through machine learning algorithms for a group of 20 countries
during the period 1990-2014. We also performed the same exercise for a sample of only high-income
countries and another sample for middle/low-income countries.

From the results obtained in the previous section, we can suggest some policy measures for
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countries that can be implemented with the objective of mitigating environmental impacts, but
without hindering the countries’ developments. A difference of the suggestions of the present work
in relation to the literature is that they are already directed to the variables that in fact were more
important among a set of variables listed by the literature, since the LASSO and Elastic Net penalty
models discard the less important variables. relevant. Another difference is that some suggestions
will be directed to richer and less developed countries. This is important because we found in the
results of Table 5 that some parameters for the aggregate sample show different signs when we
subdivide the sample between groups of countries. This may be due to the so-called aggregation
bias, so recommending policy measures for countries based on global results may not be ideal.

Based on the findings of this study, we suggest the following policy recommendations to reduce
pollution:

1. The relationship between economic growth and environmental pollution has different mea-
nings for each country’s government policy. Therefore, policy makers should not blindly copy
the policies of developed countries, but rather develop environmental policies based on their
characteristics and needs.

2. It was found that the production of energy from renewable sources had no impact on pollution.
However, the consumption of energy from renewable sources had a strong impact on the reduc-
tion of 𝐶𝑂2 in aggregate terms and mainly for the group of middle/lower income countries. On
the other hand, the impacts of consumption and production of electricity derived from fossil
sources were even stronger in increasing pollution. Thus, a political implication is that the use
of renewable sources should be promoted, such as wind, water and solar to reduce the share of
fossil and other highly polluting sources in the energy mix.

3. The PHH hypothesis was verified in this paper. Thus, it is necessary that developed countries
limit the action of pollution-intensive industries to offer an opportunity to transfer their re-
sources to developing countries. At the same time, emerging countries must strengthen their
environmental regulations to reduce the PHH phenomenon. However, for low-income countries
that are heavily dependent on FDI, Brown, Oueslati and Silva (2015) says that a possible
solution may be to adopt a green FDI policy to achieve green growth7. According to Brown,
Oueslati and Silva (2015) Green FDI provides developing nations with access to these environ-
mentally clean technologies and therefore plays an important and effective role in transferring
clean and pollution-free technologies to developing countries.

4. The results showed that the educational level is important in reducing environmental pollution.
Thus, greater investments in education are needed by the government, mainly from lower-
income countries that still have a lower level of education.

5. The results support the idea that the abundance of natural resources reduces 𝐶𝑂2 emissions
per capita in developing countries. Societies with abundant natural resources can reduce their
imports of fossil sources and thus help to control carbon emissions. This effect justifies the
implementation of energy strategies that reduce dependence on fossil sources and energy inten-
sity, as non-renewable energy sources still have a high impact on the energy mix in this group
of countries.

6. The results showed that the forest area helps to reduce 𝐶𝑂2 emissions at global levels and for
lower-income countries. Therefore, an important policy measure is to encourage forest planting,

7 According to Brown, Oueslati and Silva (2015) Green growth is a concept for promoting growth and economic
development, while ensuring that natural assets continue to provide the environmental resources and services on
which our well-being depends. To that end, it must catalyze investment and innovation, which will sustain sustained
growth and give rise to new economic opportunities.
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which is an effective way to mitigate 𝐶𝑂2 emissions. Waheed et al. (2018) recommends that
governments must take initiatives for reforestation, such as the "Billion Tree Tsunami"which is
an initiative carried out in Pakistan and control deforestation to reduce 𝐶𝑂2 emissions.

7. Based on the results obtained, policies are needed to stabilize and optimize population urbaniza-
tion to reduce environmental impacts. Yang et al. (2015) suggests that qualitative urbanization
should be sought instead of quantitative urbanization.

8. Finally, as proposed by Yang et al. (2015), countries must strengthen international cooperation
to deal with carbon dioxide emissions. Countries in the same category, due to their similar mo-
dels, must cooperate even more for better decision making, such as through a carbon exchange
trade policy (Vennemo et al., 2009), clean development mechanisms (Bernstein, Montgomery
and Tuladhar, 2006) and energy structure (Niu et al., 2011).

The machine learning models revealed interesting and important results. However, the results
of the present study can still be considered preliminary, as it is still necessary to test other algorithms
to give greater strength and robustness to our results.
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Appendix

Table 6: List of Countries

Middle/Lower
Income Countries

High Income
Countries

Argentina Austria
Brazil Australia
China Belgium
Chile Canada

Indonesia France
India Italy

Mexico Japan
South Africa Netherland

Thailand Singapore
Turkey United States
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