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Abstract: Climate change has become a major concern for developing countries given the risk that
it posses on energy and food independence, and on general productivity. Despite having an energy
system with low carbon intensity when compared to other Latin American countries, Colombia is
already facing climate change impacts and requires urgent efforts to mitigate them. As a developing
country, the challenge is bigger as policies for economic growth should be in line with the global
commitment of reducing greenhouse gas emissions. With the aim of contributing to the design of
climate policies, this study assesses the impact of economic development on the environment by
examining the validity of the Environmental Kuznets Curve hypothesis for Colombia. Statistically
validated and stable autoregressive distributed lag models are estimated for three different
environmental indicators: carbon dioxide emissions, methane emissions, and ecological footprint.
Moreover, the effects of other variables such as urbanization, foreign direct investment, value added
of agricultural and industrial sectors, and energy use are analyzed with dynamic simulations.
Empirical evidence supports a long-run equilibrium relationship among investigated variables and
the existence of an inverted U-shaped EKC relationship between Gross Domestic Product (GDP)
and methane emissions, and GDP and ecological footprint. Shifting to renewable energy sources
and leveraging the use of cleaner technologies in agricultural and industrial sectors are found to be
key for economic growth without harming the environment.

Keywords: carbon dioxide emissions; ecological footprint; economic growth; EKC hypothesis;
environmental degradation; ARDL; methane emissions

1. Introduction

Climate change mitigation has become a major concern for both developed and developing
countries. The increase of environmental degradation, greenhouse gas (GHG) emissions, and global
warming is mainly a result of human activities, and the potential consequences are so dreadful that
researchers, leaders and politicians around the world have begun to prioritize efforts on investigating
climate change causes and designing appropriate policies to mitigate its impacts. As international
cooperation and global solutions are required, world leaders from almost 200 countries met in
November 2021 at the United Nations Climate Change Conference (COP26) and made enhanced
commitments to accelerate actions towards the goals of the Paris Agreement, such as limiting the rise
of mean global temperature to 1.5°C.

Reaching global net-zero carbon dioxide (CO2) emissions, phasing down coal power, halting
and reversing deforestation, switching to electric vehicles, and reducing methane (CH4) emissions
are among the main commitments settled in the Glasgow Climate Pact, that resulted from COP26 [1].

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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However, designing policies and actions to contribute to these global objectives represents an
important challenge especially for developing countries, because the majority of them are in
desperate need of economic development to improve the life quality of its people and address the
consequences of global warming that they are already facing, such as resources scarcity.

In order to appropriately design strategies and policies to meet these ambitious pledges, it is
necessary to understand the specific economic and environmental situation of each country, as
economic development and environmental degradation are expected to be related and a balance must
be achieved to reach sustainable development. Providing important new evidence on how economic
activities associated with the development of countries affects climate change is essential to make
policies that permit to improve the quality of life of citizens with sustainable commitments. This is
specially true for developing countries, whose economical progress must be made on an era on which
environmental restrictions require different ways of industrialization. That is the case of Latin
American countries, on which there is still a strong necessity for transforming their economies while
improving institutional and public services and reducing inequality [2].

We concentrate our study in Colombia, as a country that is transitioning in Latin America, with
constants rates of economic growth during the last decades. Although Colombian GHG emissions
only represent 0.4% of global emissions, according to 2018 data from World Bank, the country is not
exempt from the climate change mitigation discussion [3]. In fact, the United States National
Intelligence Council has identified Colombia along with other 10 countries from Asia, Central
America, and the Caribbean, as one of the countries of great concern due to the threat of climate
change, as it is considered highly vulnerable to the physical effects and lacks the capacity to adapt
[4]. Because of this, Colombian government recognized the need for actions in the country and made
ambitious commitments at COP26: declare 30% of its territory a protected area and plant 180 million
trees by 2022, achieve a 51% reduction in GHG emissions by 2030, and reach carbon neutrality by
2050. Furthermore, Colombia joined the alliance proposed by the government of the United States of
reducing methane emissions by 30% from 2020 levels by the end of the decade.

The aim of this study is to assess the nexus between economic development and environmental
degradation in Colombia by testing the validity of the Environmental Kuznets Curve (EKC)
hypothesis, including macroeconomic variables that may also affect the environment such as
urbanization, value added of agricultural and industrial sectors, energy consumption, and foreign
direct investment. The EKC hypothesis posits that pollution emissions increase and environmental
quality declines when a country or region is in the early stages of economic growth, but beyond some
level of income per capita, the situation changes so that higher income levels lead to an increased
environmental awareness, enforcement of environmental regulations, cleaner technologies, and
higher environmental expenditures, resulting in a gradual decline in the level of pollution and
environmental degradation [5-7]. Despite the wide range of literature investigating EKC hypothesis,
there is a lack of research in the case of Latina America and Caribbean countries.

We use the autoregressive distributed lag (ARDL) bound testing procedure by Pe-saran, Shin,
and Smith [8], and focus on investigating the potential relations between Gross Domestic Product
(GDP) per capita and three different indicators of environmental degradation: carbon dioxide
emissions, methane emissions, and ecological footprint. In this study we seek to contribute to the
existing literature on economical development and environmental degradation, and to increase the
debate on climate change and its impact for Colombia.

The study is structured as follows: Section 2 presents the literature addressing EKC hypothesis,
the Colombian environmental context, and the contribution of our study, Section 3 focuses on data
description and the econometric methodology, Section 4 reports the empirical results and discussion,
and Section 5 concludes.

2. Literature Review

The Kuznets curve hypothesis has its origin in the work of Simon Kuznets in 1955, who found
an inverted-U shaped relationship between per capita income and income inequality, implying that
the initial stage of income growth is characterized by unequal income distribution, however, there is
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a turning point in economic growth where income distribution starts moving towards equality [9].
This initial contribution was extended to the environmental field when [5] investigated the North
American Free Trade Agreement (NAFTA) and also found an inverted-U shaped relationship
between air pollutants (sulfur dioxide and smoke) and income per capita. Then, with the work of [6],
where the hypothesis was validated by the World Bank, it became a controversial topic in the
scientific community, as it was stated that the view that greater economic activity inevitable hurts the
environment is mistakenly based on static assumptions about technology, tastes and environmental
investments [10].

The expression ‘Environmental Kuznets Curve hypothesis’ appeared for the first time in the
literature in 1993 when Panayotou studied the economic growth effect on air and land [7]. This
position has been expounded even more forcefully by authors like Beckerman [11], who stated that the
best and probably only way for a country to attain a decent environment is to become rich, whereas
others like Van Alstine and Neumayer [12] clarify that economic growth by itself will most likely not
be the solution to environmental degradation as some developing countries will not reach the turning
point for decades to come.

From those first contributions in the 1990s, the EKC has become the main framework in the
energy economic literature to study the relationship between environmental degradation, economic
development, and other variables, such as energy consumption. Due to the assertiveness of the
policies that emanate from EKC estimation and analysis, there is a vast of studies in economic
literature that have focused on the empirical and theoretical investigation of its validity providing a
varied mixture of results, as they depend on the econometric models, variables included,
environmental degradation indicators employed, and the sample of countries and periods chosen to
examine therelationship [13,14].

Some authors focus their studies on individual countries, for example Kenya [15], USA [16],
Pakistan [17], South Africa [18], and China [19], whereas others investigate the EKC for a group of
countries from an specific region or with similar characteristics, such as Sub-Saharan African
countries [20], for the top five emitters of greenhouse gas emissions from fuel combustion in
developing countries [21], for 15 Middle East and North African (MENA) countries [14], for 36 high-
income countries [22], and for 16 European Union countries [23]. Depending on the latter, econometric
techniques employed vary from vector autoregression (VAR) models, Johansen cointegration
approaches, ARDL bounds technique, and Granger causality tests, in the case of individual countries,
to panel cointegration approach, dynamic ordinary least squares regression (DOLS), fully modified
ordinary least squares regression (FMOLS), and panel vector error correction model (VECM),
among others, for studies considering a group of countries.

In addition to the sample of countries and the estimation method employed, the turning
point in income levels varies depending on the selected indicator of environmental degradation. As
reviewed by Sarkodie and Ozturk [13], majority of studies are based on carbon dioxide emissions
due to its major impact on GHG emissions (carbon dioxide, nitrous oxide, methane,
perfluorocarbons, sulfur hexafluoride and hydrofluorocarbons), while other atmospheric indicators
like sulfur dioxide or air pollutants (PMjg, PM2;5) concentration are less considered [24]. Land
indicators, like fertilizer consumption [25] or deforestation [26], freshwater indicators, such as
biological oxygen demand (BOD) [27] or water pollution [28], and biodiversity indicators [29], have
also been used as environmental degradation proxies for estimating the EKC.

The variables included in the estimated equation also affect the results. Bias from omitted
variables, integrated variables, spurious regression, and the identification of time effects are the main
econometric problems when estimating the EKC [10]. Some authors have tested the basic equation,
only including income per capita and its squared form in the model, but others have augmented this
equation by including the cubic form of income per capita and other variables that may affect the
environmental indicator, such as urbanization, financial development, foreign direct investments,
energy consumption, etc. Due to thedifferences exposed, results from studies vary from the
validation of EKC hypothesis to finding a linear or N-shaped relationship. As results cannot be
generalized, it is necessary to study the specific Colombian case in order to reach our goal of
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understanding the economic and environmental nexus in the country to provide recommendations
for policy design.

Despite the wide range of literature investigating EKC hypothesis, there is a lack of research in
the case of Colombia and, in general, Latin America and Caribbean countries. There are few authors
that have estimated EKC model using panel data from a group of countries of the region, including
Colombia [30,31]. Meanwhile, only six studies were identified that address relationships from the
EKC hypothesis specifically in Colombia [32-36]. All of these studies focus on CO2 emissions or other
air pollutants, while only one was found to consider other fundamental characteristic of
environmental quality, by using total number of endangered species as dependent a variable [29].

This paper contributes to the existing literature by trying to fill the cited gap focusing on
estimating models for three environmental degradation indicators in Colombia: carbon dioxide
emissions, methane emissions and ecological footprint. First, carbon dioxide emissions are the main
focus in global climate change mitigation, which makes it essential for environmental degradation
analysis. Secondly, methane emissions are specially relevant for Colombia, as according to data
retrieved from the Climate Analysis Indicators Too [37], the level of methane emissions in the country
isalmost the same as carbon dioxide emissions and has been increasing over the years. This results are
relevant to study, as methane has a 100-year warming potential 28 times larger than CO2 [38]. Lastly,
ecological footprint results are appropriate for measuring environmental degradation, as it converts
impact sources (electricity, food, water, materials) and waste generation (like carbon dioxide emissions)
into the equivalent biologically productive land required to produce or absorb these impacts [39]. In
fact, ecological footprint has been used as an indicator of environmental degradation to investigate
the EKC hypothesis by some empirical studies [14,40,41]. However, to the best of our knowledge,
there are no reports of EKC estimation for ecological footprint in Colombia, although it may be a
powerful indicator to understand environmental impact and sustainable resource use in the country
rather that only focusing on air pollutants accumulation.

To estimate a model for each environmental degradation indicator, we use the ARDL approach
that allows us to test if there exists cointegration. The ARDL methodology has strong small sample
properties and provides unbiased estimates of the long-run model and valid t-statistics even in the
presence of endogeneity [8,17]. Furthermore, we use stochastic simulations to easily and properly
interpret the causal relationships between the variables and make substantive statistical inference
from our ARDL models, contributing to a better understanding the impact of related variables.

3. Materials and Methods

In order to select the environmental indicators and macroeconomic variables to consider in our
study, we started by researching about Colombian economic and environmental contextand making an
exploratory data analysis of climate, pollution, and economic related time series available on public
sources [3,37,42], and Our World in Data [43,44]. From this analysis, we ended by selecting the
variables listed on Table 1.
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Table 1. Variables definition.

Variable name Code Period available Unit of measurement

Environmental degradation indicators
Carbon dioxide (COy) emissions per

: cOo2 1960-2018 metric tons (t)
capita
Ecological footprint per capita EF 1961-2018 global hectares (gha)
Methane (CH,) emissions per capita CH4 1970-2018 metric tons (t)
Independent variables
Agriculture, fo;estr)c and fishing, value ATF 1965-2020 constant 2015 US$
added per capita
Foreign' direct investment, net inflows FDI 1970-2019 constant 2015 US$
per capita
GDP per capita GDP 1960-2020 constant 2015 US$
Industry, value added per capita IND 1965-2020 constant 2015 US$
Non-renewable energy use per capita ~ NREU  1965-2019 kilowatts per hour (kWh)
Renewable energy use per capita REU 1965-2019 kilowatts per hour (kWh)
Urban population ratio URB 1960-2020 -

3.1. Environmental degradation indicators

We selected three environmental degradation indicators, aiming to estimate a model and study
the nexus with economic development for each of them. Metric tons of CO2 and CH4 emissions per
capita were retrieved from the World Development Indicators (WDI) [3]. From Figure 1, we can
evidence that CO2 emissions per capita has been historically increasing with few exceptions, such as
the beginnings of the 21st century, probably as a response of Colombian financial crisis in 1999.
Meanwhile, there is not a marked behavior of CH4 emissions per capita, which have been changing
between 1.48 and 1.75 and, at least until 2012, were historically higher than CO2 emissions. Although
CH4 emissions per capita decreased in the recent years, Figure 1 shows us the similarity on the level
of emissions of both greenhouse gases and reinforces the relevance of studying them both, as they
represent major threats to the environment.

1.7 1

1.6 1

1.5

Emissions per capita [t]

1970 1980 1990 2000 2010 2020
Year

Figure 1. Annual CO2 and CH4 emissions per capita.

On the other hand, ecological footprint (EF) per capita series was extracted from Global Footprint
Network open data platform [42]. EF is measured in global hectares (gha), which is equivalent to
biologically productive hectares given world average biological productivity for a given year. Figure
2 shows the series and allows us to observe that, at least according to this indicator, the environmental
conditions are actually improving in Colombia as per capita demand of natural resources is
decreasing.
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Figure 2. Annual ecological footprint per capita.

3.2. Economic development indicator

Regarding the economic development indicator, we selected the GDP per capita as in most of the
studies on the EKC framework. We retrieved the data from the WDI in constant 2015 USD to prevent
the influence of price inflation [3]. The series has been historically increasing, exceptin 1999, when
the GDP per capita fell by 5.7% due to Colombian financial crisis. Owing to the Great Recession of
2008, the GDP per capita only changed by 0.02% from 2007 to 2009. However, from 2009 to 2019 there
was an important economic growth in the country, reflected by a 27.99% increase in GDP per capita,
with a mean annual rate of 2.51%.

3.3. Additional macroeconomic variables

Energy consumption is strongly believed to be associated with environmental degradation and
hence is also included in our study. As most countries generate their energy primarily from fossil
fuels (coal, oil, and gas), it is reasonable to believe that the increase in energy consumption, at least
from non-renewable sources, will directly result in more carbon dioxide emissions, therefore harming
the environment. On the contrary, increasing the generation of energy from renewable sources is seen
as one of the best ways of mitigating climate change. Aiming to obtain more accurate models and to
empirically confirm these effects, we include in our study both renewable and non-renewable energy
consumption per capita in kilowatts per hour (kWh), that were retrieved from Our World in Data,
based on BP & Shift Data Portal [44]. On average, from 1970 to 2018, 74.4% of total energy used came
from fossil fuels. Although the renewable energy use per capita hasbeen increasing periodically and
the proportion of energy used that came from these sources increased 14 percent points from 1970
to 2018, the differences in growth rates when compared to non-renewable sources is notorious.
From 2005 to 2018, non-renewable energy use per capita increased by 49.29%, whereas renewable
energy use raised only by 17.65%.

In addition to energy use, we also include two indicators of agricultural and industrial importance
in Colombia, as they are the first and third sector contributing to GHG emissions in the country
respectively. Specifically, aiming to validate if there is a relationship between these activities and
environmental degradation, we include the value added of agriculture and industry. Value added is
the net output of a sector after adding up all outputs and subtracting intermediate inputs [3].
Agriculture and industry value added series were retrieved from the WDI and are measured in
constant 2015 USD$, amd the variables were expressed in per capita values. We can evidence from
Table 2 that industry hasbeen more important than agricultural sector in Colombia during the sample
period. Between 1970 and 2018, the average value added per capita of industrial sector was 1246.03
USDS$, whereas the average value added per capita of agricultural sector was only 301.73 USDS$.
Even though both series have an increasing behavior, the growth rates are considerably different
(120.47% for industry versus 69.12% for agriculture between 1970 and 2018). Transport is the second
most important sector for GHG emissions, but it is not included as there are not available data on
reliable sources.
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Table 2. Summary statistics.

Variable Mean Std deviation Median Minimum Maximum Skew Kurtosis

coz 1.54 0.1z 156 1.32 1.74 -0.28 -1.15
CH4 1.61 0.08 1.61 1.48 1.75 -0.08 -1.25
EF 2.08 0.14 210 1.81 2.33 -0.08 -1.23
AFE 30173 3847 303.92 226.63 389.45 0.23 -0.08
FDI 103.12 94,24 63.44 4.60 300.48 0.76 -0.82
GDP 4019.90 1109.67 3911.57  2345.81 6271.88 0.64 -0.55
IND 1246.03 27043 1243.95  764.83 1771.37 0.39 -0.67
NREU 5836.66 80L.59 5669.80  4535.95 786142 0.87 0.02

REU 2069.67  630.36 2303.56 78273 3040.81 060  -0.86
URB 0.70 0.07 0.71 0.57 0.81 -0.34 -1.03

Another variable that is frequently used in the EKC framework as it directly influences GDP
increments is the net inflows from foreign direct investment (FDI). There are two contrasting
hypothesis in literature. Some believe that through foreign direct investments developed countries
help developing countries by creating jobs and promoting innovation, research and development, and
the use of cleaner and modern technologies, thus having a positive effect on the environment.
Contrary to these arguments, others believe that an increase in FDI may raise manufacturing activities
and lead to higher pollution levels. Especially when environmental regulations are weak, companies
from developed countries are tempted to shift their industries to developing countries [21]. The
foreign direct investment series were also extracted from the WDI in constant 2015 USD$ and divided
by the population to be expressed in per capita values. Although there is not a marked behavior in
the time series, changing considerably year by year, we can state that FDI has experienced and
important growth within the last 20 years, especially from 2004 to 2005 and from 2010 to 2011
(173.18% and 106.42% respectively).

As can be noted, all the analyzed variables are expressed in per capita values, taking into account
population growth. However, it is interesting to consider how urban population is growing, as
urbanization may be an important determinant of environmental degradation. Regarding this effect,
there are also two contrasting theories. The first one, known as the ecological modernization theory,
argues that urbanization leads to modernization and social transformations, contributing to the
developmentof sustainableinstitutions, policies and technologies that help improving environmental
quality. By contrast, others believe that urbanization inevitably means an increase in the demand of
food, electricity, gasoline, gas and other resources, and hence leads to more industrial processes, more
GHG emissions, and worse environmental quality [14,45]. Urban and total population series were
available on the WDI database, and we simply calculated the ratio between them. We noticed that
urban population ratio has been monotonically increasing, reaching almost 81% by 2018.

The summary statistics of all the selected variables are presented in Table 2. These statistics
were calculated for the period between 1970 and 2018, as we have the information of each variable for
each year within that period.

To examine the nexus between the variables selected, testing the presence of cointegration, and
contrasting the validity of the EKC hypothesis, we employ ARDL modelling approach proposed by
Pesaran, Shin and Smith [8] which, unlike other econometric techniques, does not require variables
to be integrated of the same order and allows us to include I(0) and I(1) variables indistinctly, even
if the underlying regressors are mutually cointegrated [46]. This is a great advantage given that most
macroeconomic variables are proved to be integrated of one of these orders. Furthermore, this method
has shown robust outcomes for small sample sizes and unbiased estimation of the long-run model even
in the presence of endogeneity [15,47]. Given these advantages, for each environmental indicator
(CO2, CH4 and EF) we estimate an ARDL model, where we express all the variables in their natural
logarithms aiming for a more stable data variance.

3.4. ARDL estimation, validation and model selection
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First, we perform unit root tests in order to check that the regressors are notof order I(2) or more,
and that the dependent variable of each model is I(1). For this purpose, augmented Dickey Fuller
(ADF) and Phillips Perron (PP) tests are used. For variables in levels and after taking first differences,
we contrast the null hypothesis of a unit root in the series against the alternative of stationarity (see
[48] for further details). Once ensured that the dependent variable is I(1) and the regressors are I(0) or
I(1), ARDL models are estimated aiming to find the best specification. We start by estimating two
models regressing each environmental degradation indicator on the independent variables described
in Table 1, the first one with trend (adding the term a1t) and another withouttrend (1).

P g1
ImEDL = ag + Z $inEDL_; + Zﬁlﬂ-lnGDPt_i +

D

Zﬁzi (InGDP_;)* + Z Z AjidnZip i + e
j=14=0

Here, EDI (environmental degradation indicator) is the dependent variable (either CO2, CH4 or
EF), GDP is the series of the GDP per capita and its respective quadratic term is included to estimate
the EKC. Z; corresponds to the other k regressors selected (AFF, FDI, IND, NREU, REU and URB). For
optimal lag selection, we use the Schwarz-Bayesian criterion (SBC) as it is a consistent model selection
criterion, and it has been shown by empirical testing that it performs better than other criterion like
the Akaike information (AIC). Moreover, as we have a small sample size but a considerable number
of regressors, SBC provides a suitable lag length to preserve freedom degrees, as it suggests the
minimum of lags relevant to the model [2,46]. Each of the models are then statistically validated by
performing diagnostic and stability tests. Specifically, we perform Jarque-Bera (JB) test for residual
normality, Breusch-Pagan-Godfrey (BP) test for heteroskedasticity, Breusch-Godfrey Lagrange
multiplier (BG-LM) test for serial correlation, Ramsey RESET test for functional form
misspecification, and Cumulative Sum (CUSUM) and CUSUM of Squares (CUSUMSQ) tests for
structural change. This step is essential to prevent spurious regression or biased and inconsistent
estimates.

ARDL-bounds cointegration test relies on the assumption of serially uncorrelated test,
therefore it must be ensured that the residuals from our ARDL estimation are white noise [49,50].
Based on the results of the diagnostics test and on fit metrics such as AIC, SBC, and Adjusted R
squared, we select the best model for each dependent variable, that is, we define if a linear trend
should be included or not. However, aiming to improve our models, we check the significance of
the regressors and perform Wald’s redundant variables test. By this, we define the regressors that
should be considered and estimate our final model, which is also statistically validated with the
diagnostic and stability tests previously mentioned.

Although model 1 represents the long run relations among variables in levels, the estimation
of the real dynamic effects requires further investigation if there exists a cointegrated relation.
Through a simple linear transformation, the model presented in equation 1 can be rewritten as 2 for
the case in which there is no trend (otherwise, the term 01t is included).

AIMEDI = 8o + 8oInEDL_y + 6;InGDPy_y + 62(InGDP,_1)* +

k+2 p-1 g1-1
Y 8iInZ;i o4 Y m;AREDL_; + Y m;AlnGDP,_; +
i=3 i=1 =0 (2)
g2-1 k427
Z o A(INGDP, ;) + Z Z 1 AL 2+
j=814=0

Here, the terms from 01 to Ok+2 describe the long-run dynamics of these variables, whereas the

terms associated with the differentiated variables (i.e. with coefficients ) describe the short-run
dynamics.
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Then, ARDL F-bounds test is performed, in which the null hypothesis is Ho: 8o=01=02=03= ...
= Or+2= 0 (no cointegration), while the alternative is that at least one of these coefficients is different
from 0. To conclude, we compare the F-Wald statistic with the critical values, either from the
asymptotic case [8], or considering the actual sample size [51]. The critical values I(0) and I(1) are the
lower and upper bounds, and there are 3 cases: if the F statistic is lower than the I(0) bound value then
the null hypothesis is not rejected and we conclude there is no cointegration, if the F statistic is greater
than the I(1) bound value we reject Hp and there is evidence to conclude that variables are
cointegrated, and, finally, if the F is between the critical values the testis inconclusive.

Additionally, as a cross-check, t-Bounds test is also performed to rule out nonsensical
cointegration. In this case, the null hypothesis is that the coefficient on the lagged dependent variable
(in levels) is equal to zero, i.e., HQ : 00 =0, against H1 : 60 < 0. There are also I(0) and I(1) bound values
to which we compare the t-statistic. If we concluded that there is cointegration from the F-bounds
test, the absolute value of the t-statistic should be greater than the absolute value of I(1).

If the existence of a cointegration relationship is concluded, we proceed to analyze the short-run
dynamics by defining the respective error correction model (ECM):

p—1 #1-1
NInEDL = 8 + ) mo;AInEDL_; + Y m AlnGDP,_; +

i=1 i=0
721 , k2! )
T A(INGDP ) + ) Y, M AlnZi i +vECTio1 + vy
i—0 =340

where ECT¢-1 is the error correction term lagged one period and the coefficient y is the speed of

adjustment, which measures how fast the variables return to long-run equilibrium. This coefficient
must be negative and highly significant.

3.5. Dynamic simulations

Even though we can directly interpret and make inferences from the estimated long-run and
short-run coefficients and their standard errors, it may be difficult to discern the effects of a change
in the regressors on the environmental indicators given that multiple lags, differences, or lagged
differences can be included in our ARDL models [50]. Therefore, using the methodology described in
[52], we implement dynamic stochastic simulations to complement our analysis. Specifically, the
coefficients are simulated from a multivariate normal distribution given the mean and variance of
the estimator. For each regressor, a shock of 10% is forced to obtain a plot of its impact on the
dependent variable in the following periods, allowing us to observe and interpret the effects more
precisely.

3.6. EKC validation

Finally, to fulfill the objective of validating the existence of the EKC in Colombia, we adopted
the Utest approach proposed by Lind and Mehlum [53]. In most empirical works, researchers
usually conclude that there is a U-shaped (or an inverse U-shaped) relationship if the regressor and
its quadratic term are significant and have the right signs. However, to avoid misleading outcomes,
we also check if the turning point is within the data range and then contrast the null hypothesis that
the relationship between GDP and each environmental indicator is increasing at low values and
decreasing at high values within the sample interval (there is an inverse U-shape), against the
alternative of a U-shaped or monotone relationship. Moreover, we end our methodology by
estimating a confidence interval for the turning point using the method proposed by [54].
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4. Results and discussion

4.1. ARDL estimation, validation, and final model selection

After selecting our variables and applying a logarithmic transformation for each of them, our
econometric empirical analysis starts by testing the stationarity properties of the variables.
Specifically, we perform ADF and PP tests for each variable. For both unit root tests, the different
possible cases of test equation are considered: including a deterministic rend and an intercept,
considering just an intercept but no trend, and omitting both (just for ADF). We select the number of
lags for ADF test according to Schwarz-Bayesian Criterion (SBC) with a maximum of 4 lags
considered, whereas for PP test we set the number of lags to the integer value 12(7/100)"/4 proposed
by [55]. From the test statistics presented on Table 3, we can evidence that all variables are I(1).

Table 3. Unit root tests statistics.

ADF levels PP levels ADF 1st diff PP 1st diff
Variable | trend drift none | trend drift | trend drift none trend drift
InCO2 -2.18 -2.20 -0.20 -2.82 -2.88 | 4.71%  _4.76%F _4.80%F | -B.e3%F  _8.71**
InCH4 =236 -239 032 | -231 -2.41 | -4.95%F  _49R% K 00F* | -8.39%F  _839%*

InEE -1.21 -150 -005 | -1.8 -1.96 | -7.08%*  7.03%F J710R | S772RR 0 7390
InAFF -2.64 -274 018 216 -2.36 | -5.62°% 562" 566FF | 761 730
InFDI -1.80  -1.92 -038 | -1.66  -1.83 | -5.47%%  535% 540 | 7728 _7.60%*

InGDP -1.93  -2.0%  0.08 -1.94 2,22 | S5.29%F B2AM BagFF | 791FF 7 e6%
InIND -1.97  -210 0.00 -2.02 -2.37 | SBAPF BI11M SBleFR | 773 J7 A3
InNREU | -247  -253 0.04 -2.36 247 | AT7ZFR O ATAM _AT79FF | 826%F 812
InREU -232 =232 012 201 -2.34 | -6.08%* 598" _6.04%% | B0 -7.50%
InURB -1.84 198 -072 | -1.74 211 | -537%% 526" -530%F | 810" 770

** Null hypothesis rejected at 1% significance level.

Given the unit root tests results, we proceed to estimate, validate, and select our final ARDL
model for each environmental indicator. Table 4 reports the resultsfor carbon dioxide emissions. The
model including an intercept and all the regressors has an adjusted R-squared of 0.9365, however,
with a BG-LM statistic of 490 and a p-value lower than 0.05, the null hypothesis of no serial
correlation of order 3 is rejected. On the other hand, a model including an unrestricted trend leads to
better adjusted R-squared, AIC and SBC, while failing to reject the null hypothesis for all the
diagnostic tests. Therefore, in this second model it is not possible to identify problems of
heteroskedasticity, specification error or serial correlation; and its residuals are normally distributed.
With a p-value of 0.82, agriculture value added per capita is not a significant variable and hence is
excluded from the final model. By doing so, the model improves in all its fit metrics and remains to
be statistically valid. Furthermore, model residuals are independent and have stable parameters to
make unbiased statistical inference, as it is shown from the CUSUM and CUSUM of Squares tests,
presented in Figures 3a and 4a.

151 (a) IncO2 1 1 (c) InEF

1985 19’90 1995 2000 2005 2010 2015 1990 19’95 20’00 2005 2010 2015 1990 1995 2000 2005 2010 2015

Year Year Year
— CUSUM === 5% significance

Figure 3. Cumulative sum control chart for (a) InCO2 model, (b) InCH4 model, and (c) InEF model.
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Figure 4. Cumulative sum of squares control chart for (a) InCO2 model, (b) InCH4 model, and (c) InEF
model.

Table 4. CO2 model metrics and diagnostic tests results.

Response: InCO2  No trend Unrestricted trend  Unrestricted trend and no AFF
Lag selected 301,111,001 (1,0,1,1,01,0,0,1) 1,-1,1,0,1,0,0,1)

SBC -4.0893 -4,4045 -4.4836

AIC -4.7651 -4.9893 -5.0294

Adj R-squared 0.9365 0.9496 0.9511

Jarque-Bera 2.1289[0.3449] 0.6201 [0.7334] 0.6451 [0.7243]
Breusch-Godfrey  4.8998[0.0153]* 1.6906 [0.2010] 1.8811 [0.1689]

Breusch-Pagan 0.3488[0.9850]  0.5967 [0.8481] 0.6767 [0.7711]

Ramsey RESET  2.2522[0.1246]  2.3518[0.1120] 2.5209 [0.0962]

Variables ordered as: (InCO2, InAFF, InFDI, InGDP, (lnGDP)Z, InIND, InNREU, InREU, InURB). "~
means the variable is not included. For each diagnostic test, the statistic is presented and the number
between square brackets is the p-value. * Null hypothesis rejected at 5% significancelevel.

Similarly, Tables 5 and 6 report the results for methane emissions and ecological footprint
respectively. In the case of CH4, both the model without trend and the model including an
unrestricted trend are statistically correct and could be used. Nevertheless, we select the model with
trend as its adjusted R squared is higher and both AIC and SBC are lower. With a p-value of 0.23, we
fail to reject the null hypothesis of agriculture value added and renewable energy use per capita being
jointly insignificant. Although we get a model with lower adjusted R squared (0.87 < 0.88) and higher
AIC (-4.95>-4.96) after removing these variables, there is an improvement on SBC (-4.39 <-4.32).
The residuals of this final model are normally distributed, independent and have stable parameters
(see Figures 3b and 4b), variance is homogeneous, functional form is correct.

Table 5. CH4 model metrics and diagnostic tests results.

Response: InCH4  No trend Unrestricted trend  Unrestr. trend, no REU, no AFF
Lag selected (1,0,1,1,0,3,0,000  (1,0,1,0,1,3,0,0,0) (1,-,1,0,1,3,0-,0)

SBC -4.1476 -4.3215 -4.3911

AlC -4.7439 -4.9575 -4,9477

Adj R-squared 0.8476 0.8782 0.8742

Jarque-Bera 0.6091[0.7374]  1.3090[0.5197] 0.9183 [0.6318]
Breusch-Godfrey  0.1513 [0.8603] 0.8616 [0.4334] 0.3752 [0.6903]

Breusch-Pagan 0.5634 [0.8724] 1.3180 [0.2518] 0.8797 [0.5807]

Ramsey RESET 2.3992 [0.1086] 1.8520 [0.1799] 1.7402 [0.1927]

Variables ordered as: (InCH4, InAFF, InFDI, InGDP, (InGDP)?, InIND, InNREU, InREU, InURB). "~
means the variable is not included. For each diagnostic test, the statistic is presented and the number
between square brackets is the p-value. * Null hypothesis rejected at 5% significancelevel
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Table 6. EF model metrics and diagnostic tests results.

Response: InEF No trend Unrestricted trend  No trend, no FIXI, and no IND
Lag selected (3,1,0,1,1,0,2,0,0) (2,3,3,3,0,0,3,0,0) 3,1,-,1,1,-,2,0,0)

SBC -4.7918 -4,36%0 -4,9408

AlIC -5.4676 5.8230 -5.5371

Adj R-squared 0.9590 0.9721 0.9610

Jarque-Bera 2.0786 [0.3537] 2.7844 [0.2485] 1.9366 [0.3797]
Breusch-Godfrey  3.1722[0.0579] 4.0871 [0.0325]* 2.7648 [0.0796]

Breusch-Pagan 0.7029 [0.7684] 0.7298 [0.7707] 0.7536 [0.7070]

Ramsey RESET 0.4656 [0.6327] 3.2095 [0.0618] 0.4894 [0.6180]

Variables ordered as: (InEF,InAFF, InFDI, InGDP, (InGDP)?, InIND, InNNREU, InREU, InURB). '-" means
the variable is not included. For each diagnostic test, the statistic is presented and the number between
square brackets is the p-value. * Null hypothesis rejected at 5% significancelevel

Finally, for ecological footprint there is serial correlation in the model estimated with an
unrestricted trend and therefore we select the model that only includes the intercept. There is
statistical evidence to conclude that foreign direct investment and industry value added are jointly
insignificant for this case (Wald test with p-value of 0.78). Removing these variables, we get a model
where 97.31% of the variability of ecological footprint is explained. As can be seen from Table 6 and
Figures 3c and 4c, the model is statistically valid and stable.

4.2. ARDL bounds tests

Having optimal models for each environmental degradation indicator, we perform the ARDL
bounds tests. The existence of a level long-run relationship among the study variables is validated
as both F-statistic and t-statistic (in absolute value) are greater than the upper bounds for all
statistical significance level. Table 7 reports these results. We present the critical values for finite
samples [51], but the null hypothesis of no cointegration is also rejected when using the asymptotic
critical values [8].

Table 7. ARDL bounds tests results for each model.

F-Bounds t-Bounds
1(0) I(1) 1(0) 1(1)
n 5% 1% 5% 1% Statistic 5% 1% 5% 1%

48 3.09 411 441 579 -8.7633 -341 -396 -485 -549
46 327 436 458 601 -6.1341 -341 -396 -496 -531
46 276 379 412 541 -6.8233 286 -343 -438 -499

Model Statistic

InCO2  21.0885
InCH4  9.3999
InEF 11.9930

oo N =

4.3. Models interpretation, dynamic simulations and EKC validation

4.3.1. Carbon dioxide emissions

After validating the existence of cointegration among variables, we then analyze the long- and
short-run dynamic impacts of each independent variable on carbon dioxide emissions, methane
emissions, and ecological footprint. Table 8 presents the long-run coefficients and the ECM regression
for carbon dioxide emissions. It is shown that the speed of adjustment (y” = -0.7034) is negative and,
as previously seen from t-Bounds test, significant at 1% level. The latter means that the discrepancies
from short-run, i.e.,, changes in the previous year, are corrected by 70.34% towards the long-run
equilibrium.
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Table 8. Model for InCO2: Error correction, long-run and short-run relationships.

AlnC0O2  Coef Std. Dev. t p-value
Long-run

InFDI -0.0360  0.0119 -3.0404  0.0045"*
InGDP -6.9596  3.9708 -1.7527  0.0887
(InGDP)?  0.5521 0.2410 2.2905 0.0283*
InIND -1.0139  0.2144 -4.7284  0.0000"*
InNREU ~ 0.3613 0.0963 3.7533 0.0007**
InREU -0.2946  0.0814 -3.6184  0.0010**
InURB 41635 1.1468 3.6305 0.0009**
Short-run

AlnFDI 0.0162 0.0051 3.1499 0.0034**
AlnGDF 64723 0.5434 -11.9118  0.0000**
AlnIND 0.7455 0.1423 5.2394 0.0000**
AlnURB -50.2934  4.7442 -10.6011  0.0000%*
intercept  21.2472  1.4959 14.2041  0.0000**
trend -0.0439  0.0032 -13.7574  0.0000**
ECT{(-1) -0.7034  0.0493 -14.2633  0.0000**

* Null hypothesis rejected at 5% significancelevel. ** Null hypothesis rejected at 1% significance
level.

Furthermore, results on Table 8 indicate that foreign direct investment, value added of industry,
renewable and non-renewable energy use, and urbanization are significant on carbon dioxide
emissions at a 1% level. On the other hand, the GDP coefficient is found to be negative and only
significant at a 10% level, whereas the coefficient associated to (InGDP)?is positive and significant
at 5%. Therefore, given the inverted signs and high p-values, we can conclude that there is no
statistical evidence to validate the EKC hypothesis for carbon dioxide emissions.

Analyzing the long-run elasticities for the other regressors, we can evidence that the increment
in the use of non-renewable energy is related to an increment in CO2 emissions, whereas an increment
in renewable energy use helps to reduce emissions. Specifically, a 1% growth in non-renewable
energy use would raise CO2 emissions by 0.3613% and a 1% growth in renewable energy use would
decrease them by 0.2946% in the long-run. In the case of urbanization, we see that in the short-run it
leads to a reduction in CO2 emissions but, in the long-run, a 1% increment in the urbanization rate
implies asignificant 4.1635% raise in CO2 emissions. Consequently, these results support the theory
that urbanization leads to more CO2 emissions and worse environmental quality. However, the
relationships found for industry are quite surprising. In the short-run, a 1% growth in the value
added of industry has a negative impact on the environment, but in the long-run it leads to a
1.0139% reduction of CO2 emissions.

Finally, foreign direct investment has a negative coefficient, and we can state that if they increase
by 1% it would decrease CO2 emissions by 0.0360%. The impact is considerably low, especially
considering the fact that there is a negative trend in our model (-0.0439). This is evident in Figure 5a,
presenting the simulated effect of a 10% increase in FDI on CO2 emissions. Although the shock is
introduced at period 10, we do not see any changes on CO2 emissions behavior.

The dynamic simulations results for each regressors are presented in Figure 5. It allows us to
visualize the relationships previously discussed. In fact, for GDP, where two coefficients with
different signs were found, the relationship is now clear as we can evidence that an increase in GDP
per capita leads to an increment of CO2 emissions both in the short- and long-run.
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Figure 5. The effect on CO2 emissions of a 10% increase in (a) InFDI, (b) InGDP, (c) InIND, (d) InNREU,
(e) InREU, and (f) InURB in period 10, while holding the remaining variables at their means.

Even though we found a monotonically increasing relationship between GDP and CO2 emissions
during the period of 1970-2018, we evidence that industrial sector development could help to reduce
emissions in the long-run. This has policy implications for Colombia. Our results suggest that there is
room for industrialization and it could be a way to improve the environmental quality in the long-
run. However, this would only be feasible if the industrial sector is impelled by renewable energy
sources. From Figure 5d, itis clear how an increase in non-renewable energy use has a negative impact
on the environment. Therefore, it is necessary to shift energy dependence to renewable sources in
order to decrease air pollution and reduce both economic and environmental costs of using fossil
fuels, while raising manufacturing, development and employment generation.

4.3.2. Methane emissions

Table 9 reports the error correction, long- and short-run relationships in the case of methane
emissions. First, the significance and negative sign of y» supports the cointegration existence. 62.45% is
the speed of adjustment to long-run equilibrium after a deviation has occurred in the short-run.
As the coefficient is significant, this also means that the explanatory variables Granger-causes CH4
emissions in the long-run.

In this case, renewable energy use is found to be non significant and therefore is not included in
the model. The long-run relationships estimated for foreign direct investment, industry, non-
renewable energy use, and urbanization have actually the opposite sign of those found for CO2
emissions. According to our model, an increase in urban population and non-renewable energy use
help to reduce methane emissions, whereas a growth in FDI and industrialization lead to more
emissions. This can be further evidenced in Figure 6.

It is relevant to clarify that 60% of methane emissions are caused by direct human activity and
there is an important uncertainty about natural emissions, especially those resulting from wetlands
and otherinland waters [56]. CH4 is emitted during the production and transport of fuel fossils, but the
main sources are livestock (manure and gastroenteric releases), land use, the decay of organic waste,
and other agricultural practices. Therefore, it is quite surprising that agriculture was found not
significant, while urbanization and non-renewable energy use are significant and with negative sign.
Although there are no issues in the functional form of the model, the adjusted R squared is only
87.42% and it is possible that some relevant variables are missing. Because of that, further research
487 should be carried out to properly understand emissions drivers, seeking to make strategic
decisions to efficiently reduce methane emissions. Incomplete knowledge and monitoring of CH4
emissions are issues all over the world, even though reducing them is a cost effective strategy to
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rapidly reduce the rate of warming and fulfill the goal of limiting the 491 temperature rise to 1.5°C

[57].

0.4
L/—// 1.0 4

InCO2

—0.24 (a) InFDI

(b) INGDP

0.24 0.51
0.0 1 001 \_/_/\/—//

1.0

0.5

0.0

(c) InIND

5 10 15 20 5

10

Period

041 (d) INNREU

InCO2
o
S

— Mean

0.4 4
0.3
0.2 4
0.14
0.0
-0.14
—-0.24

15 20

5 10 15 20
Period

\‘//Jﬁ

5

- 5th and 95th percentiles

10 15 20
Period

Figure 6. The effect on CH4 emissions of a 10% increase in (a) InFDI, (b) InGDP, (c) InIND, (d)
InNREU, and (e) InURB in period 10, while holding the remaining variables at their means.

Table 9. Model for InNCH4: Error correction, long-run and short-run relationships.

A InCH4 Coef Std. Dev. t p-value
Long-run

InFDI 0.0407 0.0193 2.1086  0.0429*
InGRP 18.9505  4.7597 3.9815  0.0004"*
(InGDP)? -1.1386  0.2861 -3.9799  0.0004**
InIND 0.8153 0.2303 3.5409  0.0012**
InNREU -0.3973  0.1279 -3.1071  0.0039**
InURB -6.2561  1.3547 -46182  0.0001**
Short-run

AlnFDI -0.0005  0.0006 -0.0791  0.9374
A(InGDPY>  -0.6487  0.0803 -8.0802  0.0000**
AInIND -0.4906  0.1454 -3.3750  0.0019**
AInIND(-1) -0.4868 01011 -4.8156  (0.0000**
AInIND(-2) -0.3907  0.1001 -3.9033  0.0005**
intercept -52.2502  5.9103 -8.8405  0.0000**
trend 0.0170 0.0020 8.6986  0.0000"*
ECT(-1) -0.6245  0.0707 -8.8395  0.0000**

* Null hypothesis rejected at 5% significancelevel. ** Null hypothesis rejected at 1% significance

level

Despite the latter, there is statistical evidence from our model to validate the existence of the
Environmental Kuznets Curve for methane emissions and GDP per capita. In Figure 6b, it is shown
that economic growth leads to an increase in CH4 emissions in the short run, but then helps to reduce
them in the long run. Moreover, InNGDP coefficient is positive, (InGDP)? coefficient is negative, and they
are both significant. The estimated turning point is 8.3220 (4113.34 constant 2015 US$) and is within
InGDP data range [7.7604, 8.7438] and the null hypothesis of an inverted U shaped relationship,
proposed by Lind and Mehlum [53], is not rejected for CH4 emissions and GDP per capita.

Following Fieller [54], a 95% confidence interval for the turning point is given by [3081.25,
5562.10] constant 2015 US$. GDP per capita in Colombia was 5892.50 US$ and therefore we can
conclude from our results that the country is in the downward slope of the EKC, meaning that
economic growth is helping to improve environmental quality, at least in regard to methane
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emissions. Given the main sources of emissions, it may be highly relevant to seek for economic
development by investing in precision agriculture, leveraging new technology for crop management,
embracing alternative and more nutritious feed for animals, and managing manure more efficiently
[57].

4.3.3. Ecological footprint

Finally, Table 10 presents the model estimation for ecological footprint as the environmental
degradation indicator. As previously said, EF is a measure of how much demand human
consumption places on the biosphere, and therefore could offer us a more general view of the
consequences of human activity on air, soil, and water. The speed of adjustment is negative and
significant, supporting cointegration among variables. However, its absolute value is greater than 1
(;7=-1.0910), meaning that there is over-correction. Consequently, instead of monotonically converging,
the error correction process fluctuates around the long-run equilibrium in a dampening manner [58].

Table 10. Model for InEF: Error correction, long-run and short-run relationships.

A InEF Coef Std. Dev. t p-value
Long-run

InAEF 0.2277 0.07965 2.8550 0.0075*
InGDP 12.3303  1.6687 7.3890 0.0000**
(InGDP)? -0.7367  0.0972 -7.5793  0.0000%*
InNREU 0.3912 0.0409 9.5553 0.0000**
InREU -0.1997  0.0393 -5.0832  0.0000**
InURB -0.9581  0.2000 -4.7903  0.0000**
Short-run

AlnEF({-1) 0.3519 0.1038 3.3891 0.0019**
AlnEF{-2) 0.2041 0.0905 2.2560 0.0313*
AInAFF -0.3459  0.1025 -3.3752  0.0020**
AlnGDP -1.3864  2.3358 -0.5935  0.5571

A(InGDP)? 0.1526 0.1414 1.0796 0.2886
AInNREU 0.0617 0.0408 1.5109 0.1409

AINNREU(-1) -0.2036  0.0458 -4.4436  0.0001**
intercept -59.2643 5.9184 -10.0136  0.0000**
ECT{(-1) -1.0910  0.1090 -10.0010  0.0000**

* Null hypothesis rejected at 5% significancelevel. ** Null hypothesis rejected at 1% significance
level

In this case, value added of industry turns out to be non-significant on ecological footprint. In
contrast, value added of agriculture is included in our model, having an impact both in the short-
and long-run. Given that the lag order for EF is higher than one, we rely on dynamic simulations
results presented on Figure 7a to analyze the effect of agricultural sector growth. Although there is a
reduction on ecological footprint in the short-run, our model suggests that an increase in the value
added of agriculture leads to worsen environment. This could be explained by the fact that the
majority of GHG emissions in Colombia come from the agricultural sector, and reinforces the need of
better agricultural practices and cleaner technologies.
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Figure 7. The effect on ecological footprint of a 10% increase in (a) InAFF, (b) InGDP, (c) InNREU, (d)
InREU, and (e) InURB in period 10, while holding the remaining variables at their means.

Renewable and non-renewable energy use per capita are also significant at a 1% level. The
relationships are the expected ones, as renewable energy use helps to reduce the ecological
footprint, whereas non-renewable energy use increases it. Similar to what we found for carbon
dioxide emissions, the long-run elasticities shows that the negative impact of increasing non-
renewable energy use is greater that the positive impact that would mean an increase in renewable
energy use. Specifically, a 1% increase in the first one raises ecological footprint by 0.3912%, while a
1% increase in renewable energy use leads to a 0.1997% decrease in EF. This can be further observed
in Figure 7.

Analogous to what we found for methane emissions, urbanization coefficient is significant and
with negative sign, meaning that in the long-run urban population growth actually helps to reduce
environmental degradation. Given the long-run coefficient, we can say that a 1% increase in the
urbanization rate would lead to a 0.9581% decrease in ecological footprint. These results are aligned
with the ecological modernization theory, mentioned earlier in section 3.3.

Regarding economic growth, InGDP and (InGDP)? coefficients are both significant at 1% level
and have the right sign to support the validity of the Environmental Kuznets Curve hypothesis. The
turning point is estimated at 8.3680 (4307.11 constant 2015 US$) and is within the data range.
However, it should be noted that when performing the test established by Lind and Mehlum [53],
we fail to reject the null hypothesis. Hence, we cannot conclude that the slope of the curve is positive
at the minimum InGDP in our sample period (7.7604), nor that the slope at maximum InGDP value is
negative. Moreover, the 95% confidence interval is [1831.46; 10748.76] constant 2015 US$. This is wider
than the range of INGDP between 1970 and 2018, and therefore it is not clear in which side of the curve
the country is on.

Notwithstanding the latter, Figure 7b shows that there is an increment on ecological footprint in
the short run when GDP growths, yet, in the long-run, economic development helps to reduce
ecological footprint, meaning better environmental quality. Once again, our results are aligned with
the idea that countries can reduce environmental degradation by becoming richer. However, given
relationships found with agriculture and energy use, it is worth noting again that this economic
development must go hand in hand with increased environmental awareness, incursion in
alternative and cleaner forms of energy to reduce non-renewable energy use, and research,
innovation, and technological investments in agricultural sector.

As stated initially, carbon dioxide emissions in Colombia are low if compared to other Latin
American countries. Yet, as Calderon et al. [59] point out, economic growth plans in Colombia will
potentially lead to an increase in the use of carbon-based technologies, although the opposite is
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needed. Colombia needs climate policies oriented to boost bio-economy, that is an economy founded
on renewable biological resources instead of fossil fuels [60]. Even though electricity is mainly
generated from hydropower, energy consumed in sectors like transportation and agriculture are
almost entirely fossil fuel based, and, as supported by our results, strategies should be implemented
to produce a significant shift in socioeconomic, agricultural, energy and transportation systems. As
proposed and analyzed by Calderon et al. through different scenarios [59], implementing carbon taxes
and offering incentives to promote the entry of cleaner energy sources could be considered as a
strategy to improve environmental quality in the country.

5. Conclusions

This study examined the impact of GDP per capita growth on carbon dioxide emissions, methane
emissions, and ecological footprint for Colombian specific case, for which there is not much research
available in literature. For this purpose, we estimated an ARDL model for each environmental
degradation indicator and, in order to establish robust conclusions from it, we carried out statistical
validation tests for residual normality, heteroskedasticity, serial correlation, misspecification and
structural change. After estimating each ARDL model using time series data for the period between
1970 and 2018, we found that there is a long-run robust relationship among variables, but results
regarding the validity of the EKC hypothesis vary depending on the environmental degradation
indicator considered. Our first model indicates that there is no evidence to validate the existence of
an inverse U-shaped relationship between CO2 emissions and GDP per capita. These results are in
line with empirical findings made by [34] and [36] in similar studies. Despite this, our results
suggest that industrialization could help to reduce CO2 emissions in the long run, as long as it does
not mean an increase in the use of energy from non-renewable sources.

Tothebest of our knowledge, methane emissions and ecological footprinthad notbeen previously
studied in the EKC framework for Colombia. We find from our models that there is statistical evidence
to validate the EKC hypothesis for these environmental degradation indicators. The turning point
estimated from the CH4 model is 4113.34 constant2015 US$ per capita, whereas EF model indicates
that the slope sign changes near to 4307.11 US$. For this last case, we find a confidence interval wider
than the actual range of GDP in the sample period, but we still can conclude that economic growth can
lead to an improvement in environmental quality, at least in regard to methane emissions and
ecological footprint. Moreover, the EF model results suggest that this economic growth should
leverage the use of cleaner technologies and better agricultural practices, as the increase in the value
added of agricultural sectors would raise EF.

The effects of urbanization and foreign direct investments vary depending on the
environmental indicator, and therefore it is not possible to draw general conclusions. Nevertheless,
our results suggest that foreign direct investment does not have a great impact on the environment
in the Colombian case, as long-run elasticities are considerably low for both CO2 and CH4 models,
and the variable is not significant for EF.

Although we cannot draw consistent conclusions as results are mixed, the relationships studied
and analyzed in this paper provide a better comprehension of the economic and environmental
situation in Colombia and is relevant for climate policy design. In general, our empirical findings
reinforce the necessity of shifting to renewable energy sources to achieve economic growth without
harming the environment. In fact, there is evidence that economic growth could lead to reduced
methane emissions and ecological footprint. For example, in in Figure 7a, the dynamic simulations
carried out in this study evidence the importance to implement agricultural practices that involve
cleaner technologies due to the contribution of this sector to GHG emissions in Colombia. Hence,
investment on research, innovation, and cleaner technologies for agricultural and industrial sectors
could play a key role in this process. To promote this required change from fossil fuels to cleaner
energy sources, carbon taxes or incentives for companies using or investing in renewable energy
could be considered. Notwithstanding, the design of these or other policies should be accompanied
by broader legal, socioeconomic and institutional assessment.
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Finally, this study could be extended to include new macroeconomic variables to obtain more
relevant information regarding the impact of economic development on the environment. Moreover,
the econometric methodology used could be implemented to make a similar investigation focusing
on regions, as it may be appropriate to design region-specific policies considering differences in
development, main economic activities, available natural resources, etc. However, the limited access
to public and precise information is an important obstacle. Regrettably, there is not much available
economic and environmental data in official Colombian sources. Instead, we used global databases,
such as World Development Indicators by the World Bank [3], that can offer misleading or
imprecise data for some variables. For instance, deforestation may be a relevant variable to study
in Colombia as there are considerably high rates due to agriculture and cattle ranching, the creation
of human settlements and roads, and illicit activities, as illegal crops, mining and logging, especially
after the peace agreement settled in 2016 with the Revolutionary Armed Forces of Colombia (FARC)
[61-65]. Nevertheless, information is not available annually but completed with linear interpolation,
which limits the possibility to obtain useful results. Evidently, efforts should be made to improve the
estimation and distribution of environmental data on public and official sources.
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ADF Augmented Dickey Fuller test
AFF Agriculture, forestry, and fishing, value added per capita
AIC Akaike Information Criterion
ARDL Autoregressive distributed lag
BG-LM Breusch-Godfrey-Lagrange multiplier test
BP Breusch-Pagan-Godfrey test
CH4 Methane
co2 Carbon dioxide
COP26 United Nations Climate Change Conference

CUsUM Cumulative Sum
CUSUMSQ  Cumulative Sum of Squares

DOLS Dynamic ordinary least squares

EDI Environmental degradation indicators
EF Ecolegical footprint

EKC Environmental Kuznets Curve

FDI Foreign direct investment, net inflows
per capita

FMOLS Fully modified ordinary least squares
GDP Gross Domestic Product

GHG Greenhouse gas

IND Industry, value added per capita

IB Jarque-Bera test

MENA Middle East and North African
NAFTA North American Free Trade Agreement
NREU Non-renewable energy use per capita
PP Phillips Perron test

REU Renewable energy use per capita

SBC Schwarz Bayesian Criterion

URB Urban population ratio

VAR Vector autoregression

VECM Vector error correction model
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