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ABSTRACT

ARTICLE HISTORY

Reducing global warming effects without jeopardizing economic
prosperity demands the analysis of the link between these factors.
Environmental degradation and economic growth are thought to
be related in a non-linear manner, following an inverted-U pattern
called the ‘Environmental Kuznets Curve’ (EKC). Despite the many
studies seeking empirical support for this relationship, the literature
does not provide conclusive findings. By presenting the Economic
Complexity Index (ECI) as an explanatory variable, this paper aims at
providing a comprehensive analysis of EKC from 86 countries with
different development levels, covering the period between 1971 and
2014. Different statistical estimation techniques were used, including
an Adaptive Neuro-Fuzzy Inference System (ANFIS) model, dynamic
panel data techniques, and the Sasabuchi–Lind–Mehlum (SLM) test.
The results show no clear evidence supporting the idea of EKC, neither for production volumes nor for production sophistication, as
captured by ECI. Nonetheless, when ECI increases, pollution levels
drop monotonously only for developed countries.
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1. Introduction
Global warming is a significant concern for governments, industries, scientists, and the
general public, given its environmental (Dai, 2013), social, and economic consequences
(Singer, 2019). One reason for this concern is the increase in human-caused greenhouse gases reported several years ago (Cole et al., 1997; Meinshausen et al., 2009; Stern
et al., 1996). Hence, a better understanding of the determinants and the relationships
between pollution factors is undeniable. Following the conventional wisdom that suggests that contamination results from economic activities, several studies pointed out the
positive impact of economic growth on CO2 emissions (Halicioglu, 2009; Jalil & Mahmud, 2009). In this branch of the literature, the idea of an ‘inverted-U’ relationship between
environmental degradation and the income of nations is well-known (Bilgili et al., 2016;
Charfeddine & Khediri, 2016; Dinda, 2004). For example, in several Asian countries, Apergis and Ozturk (2015) have noted the so-called environmental Kuznets curve (EKC). The
EKC posits that several environmental degradation metrics tend to worsen as per capita
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income increases until it reaches a certain point throughout nations’ development (Dasgupta et al., 2002). However, these results contrast with those studies reporting that the
EKC did not exist (Al-Mulali et al., 2016; Caviglia-Harris et al., 2009; Mills & Waite, 2009).
In Malaysia, Begum et al. (2015) noticed that the idea of an environmental Kuznets curve
was not valid. More recent literature reviews point out that empirical evidence is not conclusive on the relationship between economic growth and environmental balance (Begum
et al., 2015; Shahbaz & Sinha, 2019).
When analyzing the impact of production on environmental quality by using GDP
growth, it is clear that this measure only captures this phenomenon based on volumes,
leaving aside other characteristics of the production process. Some researchers argue that
production can influence environmental quality in at least three ways (Dinda, 2004). First,
known as the scale effect, more production requires more inputs and resources, which
leads to higher energy consumption and environmental degradation (Omri, 2013; Sohag
et al., 2017; Soytas et al., 2007). Second, as countries’ incomes increase, a composition effect
occurs. Increasing development conditions in countries mean that they gradually move
towards changes in the economy from rural to urban areas and from agriculture to industry
(Al Mamun et al., 2014; Alcántara & Padilla, 2009). Finally, a technological effect occurs, so
improvements in well-being also increase R&D investments, generating innovations that
allow them to replace obsolete and polluting technologies, reducing pollution as a consequence (Sohag et al., 2015; Wu et al., 2005). Despite the importance of both technological
and composition effects for environmental performance, in most of the literature, only the
scale effect is taken into account, since it is mainly associated with production volume.
We posit that the effects on pollution are related to other elements than production
volumes. In particular, we want to estimate the impact that diversification, sophistication,
and knowledge-based production structure have on environmental quality. Some authors
have explored this hypothesis. For example, Mania (2019), Wang et al. (2020), and Hu
et al. (2020) used a measure of production diversification to estimate its impact on CO2
emissions.
Hausmann et al. (2006), and Hidalgo and Hausmann (2009) have developed the socalled economic complexity index (ECI) that considers the diversity and the ubiquity
of production, providing a broader production sophistication concept. Since this index
relies on a basket of export products, some authors have shown that countries with higher
economic complexity levels export more technologically sophisticated products reflecting
higher growth rates (Hausmann et al., 2014, 2006; Mealy et al., 2019). Furthermore, Ivanova
et al. (2017) have found a high correlation between ECI and an indicator of technological
capacity and innovation (based on patents). ECI, therefore, might be able to assess the technological effect of production in reducing pollution. Following these ideas, we wonder how
the sophistication of production, captured by ECI, influences CO2 emissions.
However, the transition from lower to higher levels of CO2 emissions may not be linear. In some developing nations, the low levels of pollution might be due to their low
value-added productivity (e.g. raw materials and commodities). As the production of
these countries drifts into more industrialized sectors, pollution can gradually increase. At
some point, we believe more developed countries, given their potential to invest in R&D
(Laverde-Rojas & Correa, 2019), can enhance their production’s sophistication, reducing
pollution rates. Therefore, we must evaluate whether ECI can follow a quadratic form in
the same way as an EKC, or it follows a monotonous form.
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Literature around economic complexity and pollution is scarce but growing (Can
& Gozgor, 2017; Doğan et al., 2019; Neagu & Teodoru, 2019). Can and Gozgor (2017)
focused on France and reported that higher economic complexity levels reduce CO2 emission levels in the long run. However, it is worth mentioning that countries like France
may be particular cases where the association between ECI and pollution may be either
negative or with a U-shaped curve. By contrast, nations like China might show no association between these variables (Liu et al., 2016), as larger economies can be concentrated in
export higher quantities of each good or on a broader set of goods instead of higher-quality
goods (Didier & Pinat, 2017). Doğan et al. (2019) found a positive relationship between
economic complexity and environmental degradation in lower-middle-income countries,
and a negative relationship for high-income countries. Neagu and Teodoru (2019) showed
that economic complexity has a statistically significant and positive impact on greenhouse
gas emissions, but the influence was more significant for nations with lower economic
complexity levels.
Both the relevance and importance of current work rely on different but interrelated
dimensions. We examine the link between the production of goods and pollution by estimating the impact of volume and production sophistication on CO2 emissions. We focus
on verifying the existence of an inverted-U curve that reflects the relationship between
production and CO2 emissions, as reported by other studies trying to show the validity of
the EKC hypothesis. Above and beyond this effort, we extend the analysis from the scale
effect to the technological effect approximated by the economic complexity index. On top
of that, we analyze the effects of production by different levels of development.
A warning note deserves a brief comment on this point. Our use of traditional econometric techniques may not be reliable given the set of non-linear relationships among
the variables we want to evaluate. For this reason, we employ three alternative methods that permit us to assess with greater precision a possible inverted-U-shaped link
between production and CO2 emissions. Firstly, we use an ‘Adaptive Neuro-Fuzzy Inference System’ (ANFIS model) as a technique suitable for structures that do not fit linear
models (Chang & Chang, 2006). Second, we employ two traditional dynamic panel data
techniques, system GMM estimator (Roodman, 2009), and dynamic common-correlated
effects (Ditzen, 2018). While the first technique allows us to evaluate endogeneity problems in some variables, the second considers the problem of cross-sectional dependence.
Finally, we employ the Sasabuchi–Lind–Mehlum (SLM) test, which gives the necessary
and sufficient conditions to obtain the probability that a function is an inverted U-shaped
(Begum et al., 2015). Even though previous works have applied some of these techniques to
understand the factors that affect CO2 emissions (Begum et al., 2015; Ibrahim & Law, 2014;
Mardani et al., 2019; Sharma, 2011), we are not aware of previous works where the results
from these techniques are integrated into a thorough analysis focusing on the sample and
period here described. Based on these reasons, the contribution of the current study is
to scrutinize the relationship between ECI and EKC by combining and integrating resulting findings from different and yet complementary statistical techniques that facilitate the
comprehension of the complexities associated with economic growth and environmental
degradation.
The organization for the rest of this work is as follows. First, we describe the empirical
strategy that allows us to tackle our goal. In this strategy, we have prepared the set of analyses we will employ as a meaningful and ordered sequence so the reader can easily follow our
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reasoning. The section of Methods is necessary for a better understanding of the estimates
and results that we present in the section called empirical findings, which, in turn, mirrors
the same ordered sequence of its previous section. Finally, we direct ourselves to provide a
thorough discussion and conclusions, along with its implications for future works.

2. Methods
Given the non-linear structure to evaluate the possible relationship between CO2 emissions
and production measures, we propose three methods. First, we use the so-called ANFIS
method (Jang, 1991) to select the factors that influence the most CO2 emissions. We assess
whether some measure of production is an influential factor and whether the relationship
between these variables is of the hypothesized U-shaped form. Subsequently, we used a
system GMM panel data and the SLM test to determine the interrelationship between the
indicators.
2.1. ANFIS
Adaptive Neuro-Fuzzy Inference System (ANFIS) combines two techniques: fuzzy systems and neural networks. Under certain conditions, ANFIS can estimate any function
with high precision outperforming other techniques that can not treat the complexity and
non-linearity of the models. This method relies on two algorithms by adjusting the parameters of the membership functions (fuzzy sets) and the defuzzification weights (neural
networks).
We conducted both the training and the testing process of ANFIS in the R environment (R Core Team, 2019) with the aid of the ‘frbs’ package (Riza et al., 2015). The ANFIS
architecture is organized in layers. Based on Jang (1993), below is a brief description of
each layer. Assuming two inputs (x1 and x2 ), one output (fi ) and two fuzzy sets, we may
establish the following related fuzzy rules:
Rule1 : IF x1 is A11 AND x2 is A21 , THEN y = f1 = a10 + a11 x1 + a12 x2

(1)

Rule2 : IF x1 is A21 AND x2 is A22 , THEN y = f2 = a20 + a21 x1 + a22 x2

(2)

j

where ai are parameters determined during the training stage. In the first layer, we built
some membership functions (MF), and the weights of these memberships are delivered.
In this stage, given a generic element x, ANFIS defines a fuzzy set A within a space X
as: A = {(x, μA(x) ) | x ∈ X}, where μA(x) is the membership function. A commonly used
membership function is known as ‘generalized bell MF,’ which is specified as follows:
bell(x; a, b, c) = 1/(1 + x − (c/a)2b )

(3)

for three arbitrary parameters, b usually being positive. ANFIS adjusts these parameters to
minimize the error function between the forecast and the theoretical output values. In the
second layer, every node is an ‘AND’ operator in the fuzzy system. The formalization of
this resulting product layer is as follows:
μj = μAj (x1 ) × μAj (x2 ) for j = 1, 2
1

2

(4)
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Equation (4) represents the strength of each rule, consequently the degree to which the
antecedent part of the rule is satisfied. In layer 3, the results of the previous stage are
normalized, the inferred output is calculated by:
μ̄j = μj /(μ1 + μ2 )

for j = 1, 2

(5)

The fourth layer is the de-fuzzy in which the output of each node is the product of μ̄j and
the following polynomial of the first order:
j

j

j

μ̄j fj = μ̄j (a0 + a1 xj + a2 xj )

(6)

In the last layer, the resulting output is the product of all incoming signals from the previous
layer:

y∗ =
μ̄j fj for j = 1, 2
(7)
To choosing the best model, we use the mean square error (MSE), the root square of the
mean (RMSE), and the symmetric mean absolute percentage error (SMAPE). The calculus
of MSE is as follows:
n
1 f
MSE =
(xi − xir )
(8)
n
i=1

f
where xi

is forecasted value, xir is real value, and n is the number of data. Finally, we extend
the analysis with SMAPE, which is defined as:
100%  |xi − xir |
n i=1 (|xr | + |xf |)/2
f

n

SMAPE =

i

(9)

i

2.2. Econometric Model
To explore a possible relationship between CO2 emissions and production (volume or
sophistication), we adopt a standard quadratic relation between both variables. Our
benchmark regression specification is given by:

CO2i,t = α CO2i,t−1 + γ1 GDPit + γ2 GDPit2 + xi,t
β + μi + δt + vi,t

(10)

 is
where CO2i,t is the log of CO2 emissions (kt) per capita, GDPit is the GDP per capita, xi,t
a vector of variables containing the log of power consumption (kWh per capita), the log of
population, and a set of time dummies; μi are unobserved country-specific effects and δt
includes temporary effects affecting different countries. As Ibrahim and Law (2014) point
out, gradual changes in production structure and technology justify the introduction of a
lagged CO2 emissions variable, which makes it possible to model time dependence on this
variable. γ1 and γ2 are the interest of our model. We hope that they will be positive and
negative, respectively, in order to show an environmental Kuznets curve (EKC). Besides,
we make use of an alternative functional form, which permits us to capture the effects of
ECI on CO2 emissions. The alternative functional form yields:

β + μi + δt + vi,t
CO2i,t = α CO2i,t−1 + γ1 ECIit + γ2 ECIit2 + xi,t

(11)

where ECI is the economic complexity index. Given the exploratory character of this variable, it may also be the case that the variable behaves in a non-quadratic manner, so we

416

H. LAVERDE-ROJAS AND J. C. CORREA

also explore whether the relationship can occur in a monotonous way, which establishes
the following equation.

CO2i,t = α CO2i,t−1 + γ1 ECIit + xi,t
β + μi + δt + vi,t

(12)

On the other hand, we employ a second methodology to verify this relationship. Lind
and Mehlum (2010) proposed a test that gives the exact necessary and sufficient conditions for the test of a U-shape. Given Equation (10), for an interval of GDP-values
[GDPlow , GDPhigh ], the slope of the curve should be negative at the start and positive at the
end for a U-shape. It involves that γ1 + 2γ2 GDPlow < 0 and γ1 + 2γ2 GDPhigh > 0. Lind
and Mehlum (2010) point out that if either of these inequalities is fulfilled, the resulting
curve is inversely U-shaped or monotone. Thus, we try to prove the following hypothesis:
H0 : γ1 + 2γ2 GDPlow ≥ 0 and/or

γ1 + 2γ2 GDPhigh ≤ 0

(13)

H1 : γ1 + 2γ2 GDPlow < 0 and/or

γ1 + 2γ2 GDPhigh > 0

(14)

We estimate our model through panel data techniques. Although System GMM (Roodman, 2009) is a more appropriate technique to overcome a variety of problems including
the presence of country-specific effects, the lagged dependent variable, and/or potential
endogeneity of explanatory variables, we use pooled OLS regression and fixed-effect panel
as a mechanism for the perspective of our results. In the case of System GMM, we evaluate
the consistency of our model through Hansen over-identifying restrictions and a serial correlation test in the disturbances. The models will be correctly specified if the null hypothesis
fails to reject both the Hansen J statistic and the second-order serial correlation (AR2).
2.3. Data
The data covers the period between 1971 and 2014 sampling 86 countries with different
development levels. The selection of these countries relied on two criteria. First, we selected
the countries with major heterogeneity in terms of economic development. Second, those
nations with missing values on targeted variables were discarded. For both ANFIS and System GMM models, we employ the following variables: GDP per capita at current PPPs (in
mil. 2011US$), population taken from Penn World Table (PWT), version 9.1 (Lederman
et al., 2017), available in the following URL https://www.rug.nl/ggdc/productivity/pwt/,
electric power consumption (kWh per capita), CO2 emissions per capita (kt) both
taken from https://data.worldbank.org/indicator. To obtain data of economic complexity
index (ECI), we relied on the index proposed by Hidalgo and Hausmann (2009) from
MIT’s Observatory of Economic Complexity (https://atlas.media.mit.edu/en/) (Simoes
& Hidalgo, 2011). All variables except ECI are entered in logarithm to avoid the volatility
of the series.
The ANFIS network that we employ has four inputs (i.e. GDP per capita, GDP per
capita squared, population, and energy consumption) and one product (i.e. CO2 emissions). All data were first normalized and split into the following three data sets. Half of
the data set was used for training purposes, a quarter of the data was used for testing, and a
second quarter was used for verification. For the System GMM estimation, given the problem of endogeneity, the econometric models were instrumented with initial values of CO2
emissions.
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Figure 1. Descriptive statistics.
Note: Abbreviations: epc = Electric power consumption (kWh per capita); gdppc = GDP per capita; co2pc = CO2
emissions per capita (kt); eci = Economic complexity index. The variables are featured for the year 2014.

Figure 1 shows some descriptive statistics of the variables used in the different models. By dividing the sample in two, by level of development, we observe higher and more
homogeneous values in each variable for developed countries. The correlation between
CO2 emissions and GDP seems to be higher than that of ECI. In the latter, the correlation
is negative in the case of developed countries.

3. Empirical Findings
3.1. Adaptive Neuro-Fuzzy Inference System
Initially, we show the predictions of the ANFIS model for two different countries (Australia
and Chile) as an example of the results (see Figure 2). For the interested reader, we present
the R script in the following online repository: https://osf.io/zx9c2/?view_only = 7df0e1e24
97345018929ea0dd2fc5c8d. In this graph, the red and blue lines represent a different
ANFIS model. For instance, the blue line is a model in which the GDP per capita and its
square, population, and per capita energy consumption are included as inputs. The closer
these lines are to the black line (real value), the lower the error and therefore, the better the
prediction of the model. As can be seen, the predictions adjust better when we use GDP
per capita instead of ECI.
Now we show the consolidated results for the sample of 86 countries in Table 1 using
different measurement errors (MSE, RMSE, and SMAPE). Additionally, we inspect these
results by dividing the sample into two criteria: by exploring the possible inverted-U relationship, and by levels of development of the countries. One can note smaller error values
for GDP, hence, the volume of production has a higher influence on the CO2 emissions.
However, the resulting difference between GDP and ECI impact on the CO2 emissions
is not too high. By analyzing this relationship by nations’ level of development, the predictions are best shown for developed countries for both ECI and GDP. An important
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Figure 2. ANFIS model to predict CO2 .
Note: In each graph, the results of two models are presented using as explanatory variables GDP per capita and its square,
ECI and its square, population, and energy consumption per capita. (a) Models for Australia and (b) models for Chile.

Table 1. Results for forecasting of the economic complexity and GDP per capita.
With U-shaped

ECI
GDP

MSE
RMSE
SMAPE
MSE
RMSE
SMAPE

Not U-shaped

All

Developed

Developing

All

Developed

Developing

0.689
0.709
1.593
0.579
0.599
1.367

0.606
0.592
1.222
0.606
0.592
1.222

0.779
0.791
1.866
0.633
0.660
1.576

0.583
0.628
1.434
0.455
0.512
1.159

0.524
0.559
1.177
0.351
0.410
0.852

0.530
0.622
1.436
0.519
0.576
1.351

Note: Results based on an ANFIS model in the R environment (R Core Team, 2019) with the aid of the ‘frbs’ package (Riza
et al., 2015).

result shown by the ANFIS model, in both cases, is that the data are better suited to a
non-quadratic form. Overall, the results show that the relationship between CO2 emissions and GDP per capita could be better adjusted to a different form than the hypothetical
inverted-U, and this relationship proved to be more accurate for developed nations than for
developing countries. This same pattern was also consistent for the relationship between
CO2 emissions and the economic complexity index. Although the results obtained by
ANFIS provide us with essential insights into the relationships under study, they are not
conclusive, as the error measurements of the models do not show significant differences.
Besides, the fact that GDP per capita has errors lower than ECI does not mean that this last
variable has no impact on CO2 emissions, only that between the two underlying variables,
it is GDP per capita that has the most significant positive impact on pollution. It is not clear,
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Table 2. Regression results for evaluating eﬀects on CO2 .
Pooled OLS
(1)

OLS FE
(2)

0.645∗∗∗
(0.019)

0.393∗∗∗
(0.023)

0.439∗∗∗
(0.013)
0.049∗∗∗
(0.006)
3784
86
0.891

0.422∗∗∗
(0.014)
0.053∗
(0.028)
3784
86

log(GDP per capita)
ECI
log(epc)
log(population)
Observations
Countries
R2
R2 within

0.521

Pooled OLS
(3)

−0.162∗∗∗
(0.019)
0.918∗∗∗
(0.011)
0.011
(0.008)
3784
86
0.839

OLS FE
(4)

−0.062∗∗∗
(0.014)
0.585∗∗∗
(0.012)
−0.237∗∗∗
(0.024)
3784
86
0.486

Pooled OLS
(5)

OLS FE
(6)

0.639∗∗∗
(0.021)
−0.143∗∗∗
(0.013)
0.515∗∗∗
(0.017)
0.067∗∗∗
(0.006)
3784
86
0.895

0.395∗∗∗
(0.023)
−0.065∗∗∗
(0.013)
0.434∗∗∗
(0.014)
0.051∗
(0.028)
3784
86
0.524

Note: ∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. Dependent variable is CO2 emissions (kt) per capita. Robust errors between
parentheses and p-values between brackets. All regressions include time dummies.

until this point, how the effects of ECI on CO2 emissions are transferred, this circumstance
demands a different analysis, which will be dealt with in the following sections.
3.2. System GMM
In this section, we resort to a regression-based analysis. This analysis will allow us to
complement previous results by estimating Equations (10), (11), and (12).
Table 2 summarizes the results of our regression to evaluate the effects of GDP and
ECI on CO2 , without taking into account a quadratic structure. The estimated coefficients
of both GDP and ECI are significant in all specifications. However, the signs are opposite,
suggesting that increases in production volume are associated with higher levels of environmental degradation, while increases in the sophistication of this production reduce CO2
levels. Concerning the control variables, the energy consumption is shown robust in all
specifications coinciding with our previous expectations. The population size of the countries, in contrast, showed an inconsistent behavior both in statistical significance and in the
expected sign.
We now turn the attention to the results from our panel data models, when we consider
a possible inverted-U-shape between variables, and endogeneity problems. In first place,
we focus on the analysis of the role of both GDP and ECI for predicting future values of
CO2 emissions. This comparison is summarized in Table 3, with three estimation methods; namely, Pooled OLS, OLS with fixed effects, and System GMM. Columns (1)–(3) of
Table 3 show the unstandardized estimates for lagged values of CO2 emissions, GDP, and
GDP2 . Columns (4)–(6) show the unstandardized estimates for ECI and ECI 2 . Finally, in
column (7), we include all the variables at the same time. In line with some studies, our
results support the hypothesis of a U-inverted between CO2 emissions and GDP per capita,
even when endogeneity is controlled an EKC is confirmed. On the other hand, and under
the specification of Equation (11), the results of these models also confirm that the economic complexity index proved to be non-important for predicting the future levels of
CO2 emissions.
Next, we assess whether the results are maintained by dividing the countries according to their level of development. Table 4 shows the same specifications as above but only
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Table 3. Results for evaluating the environmental Kuznets curve through GDP per capita and ECI.

log(lagged CO2 )
log(GDP per capita)
log(GDP per capita
Squared)

Pooled OLS
(1)

OLS FE
(2)

System GMM
(3)

Pooled OLS
(4)

OLS FE
(5)

System GMM
(6)

System GMM
(7)

0.964∗∗∗
(0.005)
0.133∗∗∗
(0.023)
−0.006∗∗∗

0.832∗∗∗
(0.026)
0.398∗∗∗
(0.109)
−0.016∗∗

0.807∗∗∗
(0.079)
1.220∗∗∗
(0.344)
−0.059∗∗∗

0.977∗∗∗
(0.005)

0.843∗∗∗
(0.023)

1.020∗∗∗
(0.028)

0.932∗∗∗
(0.050)
0.840∗∗∗
(0.217)
−0.042∗∗∗

(0.001)

(0.006)

(0.017)

−0.007
(0.005)
−0.004
(0.002)

−0.014
(0.011)
0.001
(0.006)

3698
86

86
[0.159]
[0.000]
[0.769]
3698
86

3698
86
0.993

3698
86

−0.004
(0.011)
−0.005
(0.003)
62
[0.194]
[0.000]
[0.764]
3698
86

ECI
ECI Squared
Instruments
Hansen J statistic
AR(1)
AR(2)
Observations
Countries
R2
R2 within

3698
86
0.993

0.870

(0.011)
0.017
(0.017)
−0.000
(0.005)
84
[0.277]
[0.000]
[0.749]
3698
86

0.868

Note: Dependent variable is CO2 emissions (kt) per capita. Robust errors between parentheses and those in brackets p-values.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. We used two-step and used the Windmeijer’s correction (2005). In each regression are
included as control variables electric power consumption (kWh per capita), population, and time dummies.

Table 4. The environmental Kuznets curve through GDP per capita and ECI – developed countries.

log(lagged CO2 )
log(GDP per capita)
log(GDP per capita
Squared)

Pooled OLS
(1)

OLS FE
(2)

System GMM
(3)

Pooled OLS
(4)

OLS FE
(5)

System GMM
(6)

System GMM
(7)

0.971∗∗∗
(0.009)
−0.034
(0.131)
0.002

0.843∗∗∗
(0.046)
0.236
(0.210)
−0.009

0.382
(0.281)
0.845∗∗
(0.368)
−0.028∗∗

0.966∗∗∗
(0.007)

0.852∗∗∗
(0.047)

0.701∗∗∗
(0.185)

1.062∗∗∗
(0.065)
0.006
(0.055)
−0.002

(0.006)

(0.011)

(0.012)

−0.018∗∗
(0.009)
0.002
(0.004)

−0.022
(0.016)
0.002
(0.006)

1419
33

60
[1.000]
[0.130]
[0.431]
1419
33

1419
33
0.977

1419
33

−0.236∗
(0.135)
0.057
(0.035)
50
[1.000]
[0.015]
[0.444]
1419
33

ECI
ECI Squared
Instruments
Hansen J statistic
AR(1)
AR(2)
Observations
Countries
R2
R2within

1419
33
0.976

0.869

(0.003)
0.028
(0.041)
−0.013
(0.019)
54
[1.000]
[0.035]
[0.134]
1419
33

0.868

Note: Dependent variable is CO2 emissions (kt) per capita. Robust errors between parentheses and those in brackets p-values.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. We used two-step and used the Windmeijer’s correction (2005). In each regression are
included as control variables electric power consumption (kWh per capita), population, and time dummies.

includes a sample of developed countries. In this case, GDP per capita fails to explain CO2
emissions with the first two techniques. Under the System GMM technique, the confirmation of an EKC depends on whether ECI is controlled or not; that is why in column (3)
of Table 4 EKC looks confirmed, but in column (7) of Table 4 EKC is not. However, this
latter result must be taken with caution, to maintain the same specifications as above, it
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Table 5. The environmental Kuznets curve through GDP per capita and ECI – developing countries.

log(lagged CO2 )
log(GDP per capita)
log(GDP per capita
Squared)

Pooled OLS
(1)

OLS FE
(2)

System GMM Pooled OLS
(3)
(4)

0.948∗∗∗
(0.008)
0.127∗∗∗
(0.041)
−0.005∗∗

0.812∗∗∗
(0.034)
0.194
(0.127)
−0.004

0.910∗∗∗
(0.161)
1.962∗
(1.032)
−0.115∗

(0.002)

(0.008)

(0.059)

ECI
ECI Squared
Instruments
Hansen J statistic
AR(1)
AR(2)
Observations
Countries
R2
R2within

2279
53
0.988

2279
53
0.875

50
[0.815]
[0.004]
[0.901]
2279
53

0.970∗∗∗
(0.007)

−0.000
(0.006)
0.004
(0.007)

2279
53
0.988

OLS FE
(5)

System GMM System GMM
(6)
(7)

0.829∗∗∗
(0.032)

1.003∗∗∗
(0.099)

0.003
(0.014)
0.007
(0.008)

0.013
(0.054)
0.002
(0.034)
50
[0.372]
[0.000]
[0.895]
2279
53

2279
53

0.922∗∗∗
(0.177)
1.235
(0.945)
−0.072
(0.057)
−0.037
(0.089)
−0.014
(0.046)
54
[0.773]
[0.005]
[0.884]
2279
53

0.872

Note: Dependent variable is CO2 emissions (kt) per capita. Robust errors between parentheses and those in brackets p-values.
∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. We used two-step and used the Windmeijer’s correction (2005). In each regression are
included as control variables electric power consumption (kWh per capita), population, and time dummies.

was impossible to control the proliferation of instruments (violating the rule of keeping
the number of instruments equal to or below the number of groups). As a result, Hansen
test is shown to be over-adjusted. A robust analysis dealing with these problems is available
in Section 3.4. The results also point out to the non-existence of a U-shape for economic
complexity. Nonetheless, they also indicate a possible negative relationship between ECI
and CO2 emissions.
Table 5 evaluates the results for developing countries. The statistically significant coefficients in columns (1) and (3) verify the existence of an EKC for GDP per capita and CO2 .
The estimates in columns (4)–(6) indicate that economic complexity and CO2 emissions
are not related. When both variables are included simultaneously, column (7), they cease
to be significant.
In summary, and under the scrutiny of different panel data techniques, the findings
pinpoint that the hypothetical inverted-U relationship between economic complexity and
CO2 emissions proved to be non-existent. Instead, the ECI-CO2 relationship could exist
only for developed countries, and in a monotonous decreasing manner. The analysis of
GDP per capita through a System GMM shows evidence on the EKC hypothesis, but this
weakens by splitting the sample according to countries’ development levels.

3.3. Sasabuchi–Lind–Mehlum Test
According to Lind and Mehlum (2010), the conventional econometric models are unable
to providing the necessary and sufficient conditions to prove an inverted-U relationship.
Thus, our models (particularly, system GMM approach) meet the necessary conditions to
establish such a relationship, but these fail to meet sufficient conditions. To prove this last
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Table 6. Sasabuchi–Lind–Mehlum test for U-shaped relationships by development levels.
Pooled OLS

OLS FE

System GMM

Pooled OLS

GDP per capita
Lower bound
Upper bound
SLM test (p-value)
Lower bound
Upper bound
SLM test (p-value)
Lower bound

0.066∗∗∗
(0.010)
−0.010
(0.009)
0.146
−0.013
(0.059)
0.011
(0.027)
0.411

0.021

0.069

0.153

†

Upper bound
SLM test (p-value)

0.210∗∗∗
(0.039)
−0.006
(0.050)
0.453

0.003
†
†

0.136
†
†
†

†

0.105
†
†

OLS FE

System GMM

ECI
All countries
0.542∗∗∗
0.012
(0.149)
(0.016)
−0.027∗∗∗
−0.238∗∗
(0.101)
(0.010)
0.010
0.218
Developed countries
0.527
−0.027

−0.021
†

−0.008
†
†

0.021
(0.026)
−0.029∗∗
(0.013)
0.213

−0.010

−0.014

−0.554∗∗
(0.322)
0.063
(0.051)
0.107

Developing countries
−0.020
0.645∗∗
(0.367)
(0.034)
∗∗
0.018
−0.870
(0.442)
(0.037)
0.042
0.310

−0.037
(0.041)
0.041
(0.052)
0.218

−0.001
(0.072)
0.025
(0.121)
0.499

†

0.161
†
†

†
†
†

−0.032
†
†
†

Note: Statistically signiﬁcant at ∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01. † : Extremum outside interval – trivial failure to reject H0 .

condition, we use the SLM test in each of the specifications presented above, and under the
hypotheses stated in Section 2.2.
Table 6 shows that the lower bound slope of the GDP per capita is positive, and the
upper bound slope is negative when the sample includes all countries. Both bounds are
statistically significant only in the case of system GMM. This last result means that our
null hypothesis is rejected, pinpointing the inverted-U relationship between CO2 emissions
and the volume of production. By level of development, an inverted-U is only confirmed
for developing countries and when we control by endogeneity. The findings also confirm
the absence of a hypothetical EKC with ECI as a predictor.
ECI has shown itself not to be a determining factor in the CO2 emissions in a quadratic
manner. However, according to Table 2, the relationship between these two variables can
be monotonous decreasing. Following this idea, we use the specification of Equation (12)
to evaluate this possibility. In Table 7, we show the results focusing on ECI only. Despite
trying to keep under control the proliferation of instruments generated by System GMM,
this was not always the case. We try to keep the number of instruments close to the number
of groups as a general rule. The problem arises when we try to divide the sample by levels
of development, given the amount of time dummies concerning the number of countries,
the instruments increase dramatically. In this way, we present the models with and without
dummies.
It is good to note that in some models, the Hansen J statistic is over-adjusted due to the
impossibility of reducing the number of instruments. Specifically, this happens in model
4, where the test of over-identification restrictions is equal to 1. For the rest of the models,
the test is within the normal ranges, validating the instruments used. Under this caveat,
the results indicate that ECI may have a negative impact on CO2 levels. According to these
results, this relationship only works for the case of developed countries. The coefficients
for both the total sample and developed countries are negative and statistically significant.
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Table 7. A System GMM to evaluate the ECI monotonous relationship.
All countries

ECI
With time dummies
Instruments
Hansen J statistic
AR(1)
AR(2)
Observations
Countries

Developed

Developing

(1)

(2)

(3)

(4)

(5)

(6)

−0.008∗∗

−0.021∗

−0.011∗

−0.132∗∗

(0.012)
Yes
87
0.106
0.000
0.800
3698
86

(0.007)
No
32
0.423
0.017
0.535
1419
33

0.005
(0.009)
No
52
0.346
0.000
0.826
2279
53

0.009
(0.028)
Yes
53
0.318
0.000
0.863
2279
53

(0.004)
No
86
0.382
0.000
0.711
3698
86

(0.070)
Yes
49
1.000
0.031
0.385
1419
33

Note: Dependent variable is CO2 emissions (kt) per capita. Robust errors between parentheses and those in brackets pvalues. Statistical signiﬁcance: ∗ p < 0.1; ∗∗ p < 0.05. We used two-step and used the Windmeijer correction (2005). In
each regression are included as control variables electric power consumption (kWh per capita), and population.

3.4. Robustness Analysis
One recommendation when performing a system GMM model is to use a large number of individuals (N) and a small period (T), to have adequate degrees of freedom and
avoid over-identification. One of the problems with our models in the previous section
is that when trying to divide the sample by levels of development, in the group of developed countries T > N, preventing control that the number of instruments were below the
number of countries, weakening the over-identification tests. In this section, we try to remedy this inconvenience by transforming our time series data into five-year averages for
system GMM estimation. This procedure has been widely used in the economic growth
literature to eliminate the effects of the economic cycle (Laverde-Rojas et al., 2019; Lee
& Lee, 2019). The results are shown in Table 8. In this case, we cannot validate the EKC.
Instead, we see that developed countries benefit from reductions in pollution levels as
economic complexity increases.
On the other hand, we have used system GMM to correct the biases created by the
endogeneity of the variables. However, in recent times, the problem of heterogeneity and
cross-dependence of panel data may be a source of concern for some researchers. To overcome these problems, we examine whether the results hold when tackling the issue of
cross-sectional dependence.
We first prove the existence of cross-sectional dependence between countries. We use a
test for weak cross-sectional dependence (from now on referred to as the CD-test) proposed by Pesaran (2015) and Chudik and Pesaran (2015). The results of this test are
presented in Table 9. As can be seen, the null hypothesis of cross-sectional independence
is rejected for all variables.
Therefore, the validity of the results presented in Tables 3, 4, 5, 7, and 8 must be evaluated
through second-generation panels that allow transversal dependence. Unit root tests for
panel data are not consistent in the presence of cross-sectional dependence. In this way,
we use the cross-sectionally augmented IPS (CIPS) test coined by Pesaran (2007), which
allows for cross-dependence between countries to determine the degree of integration of
the level of variables. We show the results of this test in Panel A of Table 10. As can be seen,
the null hypothesis of stationary is rejected for all variables in levels. However, the variables
prove to be stationary at first differences.
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Table 8. System GMM – ﬁve-year averages, 1971–2014.
All
Lagged emissions per capita
GDP per capita
GDP per capita Squared
ECI
Energy consumption per capita
Population
Instruments
Hansen J statistic
AR(1)
AR(2)
Observations
Countries

Development

0.801∗∗∗
(0.061)
0.263
(0.266)
−0.008
(0.014)
−0.060∗∗
(0.028)
0.115∗∗
(0.054)
0.028∗
(0.014)
85
[0.187]
[0.004]
[0.297]
688
86

0.754∗∗∗
(0.157)
−1.655
(1.319)
0.083
(0.062)
−0.087∗∗∗
(0.032)
0.083
(0.084)
0.022
(0.026)
33
[0.165]
[0.051]
[0.557]
264
33

Developing
0.591∗∗∗
(0.120)
1.061∗
(0.600)
−0.046
(0.037)
0.016
(0.090)
0.203∗∗∗
(0.061)
0.045∗∗
(0.018)
47
[0.204]
[0.046]
[0.278]
424
53

Note: Dependent variable is CO2 emissions (kt) per capita. Robust errors between parentheses
and those in brackets p-values. Statistical signiﬁcance: ∗ p < 0.1; ∗∗ p < 0.05; ∗∗∗ p < 0.01.
We used two-step and used the Windmeijer correction (2005). In each regression includes
time dummies.

Table 9. Cross-sectional dependence test.
CO2 emissions per capita
GDP per capita
GDP per capita Squared
Energy consumption per capita
Population
ECI

CD-test

p-Value

44.711
192.441
193.796
296.939
340.903
5.843

0.000
0.000
0.000
0.000
0.000
0.000

Note: CD-test for cross-sectional dependence described in
Pesaran (2004) and Pesaran (2015).

As our variables are I(1), we are now evaluating the possibility that they are cointegrated. This long-term relationship can be analyzed by means of the ADF test and PP
test, introduced by Pedroni (1999, 2004), as well as the ADF-based statistics by Kao (1999)
and the error-correction-based cointegration test by Westerlund (2007). The latter considers issues like heteroskedasticity, serial correlation, structural breaks, and cross-sectional
dependence. Under the null hypothesis of non-cointegration, the results are shown in panel
B of Table 10. The Kao-ADF, Pedroni-ADF, and Pedroni-PP tests indicate a strong rejection
of this hypothesis, which reinforces the idea that our variables are strongly related in the
long term. The results of Westerlund’s test are quite varied. The results of Gt and Pt reject
the null hypothesis, while the Ga and Pa statistics show evidence of non-rejection of the
null hypothesis. In general terms, therefore, we can say that our variables are cointegrated.
Based on the results of the previous sections and the findings on the existence of a longterm relationship between our variables, we can measure the impact of each independent
variable on environmental degradation while taking into account cross-sectional dependence. Thus, we decided to use the Dynamic Common Correlated Effect Mean Group
(DCCE-MG) estimator of Chudik and Pesaran (2015).
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Table 10. Panel unit root and cointegration test.
Panel A: unit root

CIPS-stat. (level)

CIPS-stat. (ﬁrst diﬀerences)

CO2 emissions per capita
GDP per capita
GDP per capita Squared
Energy consumption per capita
Population
ECI

−1.756
−1.634
−1.600
−1.316
−1.316
−1.566

−4.474∗∗∗
−2.941∗∗∗
−2.921∗∗∗
−3.079∗∗∗
−2.485∗∗∗
−4.263∗∗∗

Panel B: cointegration
Kao-ADF
Pedroni-ADF
Pedroni-PP
Westerlund
Gt
Ga
Pt
Pa

Statistic
−3.276
−7.567
−9.138

p-Value
0.000
0.000
0.000

−2.593
−1.311
−21.570
−3.005

0.000
1.000
0.000
1.000

Note: Critical values for the CIPS test of Pesaran (2007) are −2.02, 2.08, and −2.17 at 10%,
5%, and 1% level, respectively.

Table 11. Results of DCCE-MG estimation.
All countries

Developed

Developing

0.092∗∗∗

0.072∗∗∗

CD-Statistic
p-value
Lower bound

(0.023)
0.741
(5.295)
0.027
(0.319)
0.017
(0.023)
0.481∗∗∗
(0.084)
−0.731
(1.098)
−0.15
[0.882]
1.049

Upper bound

1.403

(0.027)
10.304∗∗
(4.504)
−0.474∗∗
(0.210)
−0.071∗∗
(0.035)
0.671∗∗∗
(0.153)
0.322
(0.809)
−0.68
[0.495]
4.855∗∗
(2.315)
−1.408∗∗
(1.864)
0.031

0.075∗∗
(0.038)
6.624
(7.134)
−0.378
(0.434)
0.007
(0.024)
0.216∗∗∗
(0.076)
−3.756∗∗∗
(1.418)
−0.54
[0.591]
2.281
(1.044)
−2.712
(0.745)
0.228

lagged emissions per capita
GDP per capita
GDP per capita Squared
ECI
Energy consumption per capita
Population

†

SLM test (p-value)

†
†

Note: CD-Statistic for cross-sectional dependence described in Pesaran (2004). Statistical signiﬁcance: ∗∗ p <
0.05; ∗∗∗ p < 0.01. † : Extremum outside interval – trivial failure to reject H0 .

The results in Table 11 indicate that the validity of the environmental Kuznets curve
could only be found in the sample of developed countries. The same is true for the benefits
of economic complexity in reducing CO2 emissions.

4. Discussion
After conducting a rigorous scrutiny to confirm the validity of the environmental Kuznets
Curve, our results revealed that this relationship is not consistent across countries. This
finding leads us to cast doubts on the validity of previous confirmatory pieces of evidence
of EKC (Apergis & Ozturk, 2015; Bilgili et al., 2016; Charfeddine & Khediri, 2016; Dasgupta et al., 2002; Dinda, 2004). However, the consistent relationship is the one between
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CO2 emissions and the economic complexity index as a proxy of the sophistication of production. This consistent relationship was observed only for developed countries. Such a
result motivated a re-evaluation of environmental degradation and economic growth by
distinguishing between the economic development of nations.
Since the results of EKC were not conclusive, it was reasonable to assume that other
factors should be in charge of explaining environmental degradation, and here is where
the economic complexity of countries might be useful for disentangling this complex set
of relationships, a suggestion highlighted by a recent study that focused on Colombia as a
non-developed nation (Laverde-Rojas et al., 2021).
For example, it is well-known that the emissions-production relationship associates with
innovation. From this viewpoint, it is expected that the most innovative companies are
more likely to use green technologies. However, Dasgupta et al. (2002) pointed out that
a particular innovation is likely to be firstly adopted by companies in high-income countries, and after some delay in most poorer countries, even though emissions may decrease
simultaneously in both groups of countries. Stern (2004) argued that in the slower-growing
economies, technological change that reduces gas emissions could overcome the effect
of pure growth (not produced by structural or technological changes) on emissions.
In contrast, in the fastest-growing middle-income economies, the effects of increased
revenues may overcome the contribution of technological change to the reduction of
emissions.
Furthermore, the effects produced by the sophistication of production on CO2 emissions only happens in a monotonous decreasing manner. As countries shift production
to greater sophistication, pollution levels decrease. This result agrees with what Can
and Gozgor (2017) found in France or Jin and Kim (2019) found in 21 emerging countries. Our findings reveal the need to generate policies that encourage the development
of technological innovation resulting from R&D to benefit from slowing down environmental degradation. Fernández et al. (2018) have found evidence that spending on
research and development contributes positively to the reduction of CO2 emissions for
developed countries. Notwithstanding, in the case of developing countries, they will first
have to overcome various types of barriers that prevent the adoption of green technologies (Darko et al., 2018; Laverde-Rojas & Correa, 2019). From this point of view,
governments of non-developed countries should focus on setting reachable middle-term
goals to maturing the required infrastructure for R&D purposes. These goals include but
are not limited to several interrelated governmental dispositions. For example, governments could use fiscal policy to encourage imports of green ready-to-use technologies.
As these technologies enter into the productive sector, then qualified personnel should
be immediately hired. If the personnel able to work in green technologies is not available in the local labor market, then governments should develop more open and faster
migration processes. These processes are aimed to welcome researchers and technical
employees for working in the nation. Furthermore, government should define incentives
for local companies that hire this human capital, and creating mechanisms for supervising technical breakthroughs that result from talented people working on R&D green
projects.
Our results are also aligned with those who claim that countries with greater growth
rates are those developing more sophisticated products (Jarreau & Poncet, 2012). We
showed a positive externality of this sophistication in production as it reduces CO2
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emissions. From this viewpoint, increments in the value-added of products prove useful
for reducing the negative environmental consequences of economic growth. An obvious challenge for policymakers is defining the incentives for companies that engage in
good practices to improve products’ added value. Such practices might include deploying quality processes to improve cleaner production by integrating into the management
of quality, environment, and working conditions (Zwetsloot, 1995). Such practices could
call for the use of quality-oriented techniques in supply chain management to improve
the production processes (Abidalreda & Jawad, 2019). Arguably, these quality-oriented
practices might reduce industrial production waste (e.g. gasses, plastic, electricity overconsumption).
The results from our approach posit several implications for further research. We had
provided evidence that shows a double-sided effect of production on CO2 emissions when
we distinguished the volume from the sophistication of production. Our results showed
that although EKC is not necessarily true, it pays off to bet for increasing the sophistication of production as it reduces the volume of CO2 emissions. This sophistication, as we
mentioned, might be present in both brand new products’ features and industrial waste
better management. However, much of the future work is in discovering more deeply the
relationships by levels of development. Some of this exploration has already been done by
Stern (2004), who claimed that developing nations were addressing environmental issues,
sometimes adopting developed country standards with a short time lag and sometimes
performing better than some wealthy countries and that the EKC results have a very flimsy
statistical foundation. On the other hand, we have presented our results of production
sophistication based on an indicator that does not take into account services. Stojkoski
et al. (2016) have improved the indicator by including not only goods but also services in
the calculation. It would be interesting to analyze how this inclusion influences the results
presented in this document.

5. Conclusion
This paper aimed to scrutinize the hypothesis of an inverted-U relationship between production and CO2 emissions. As compared with previous efforts, we extended the analysis
by introducing the role of the sophistication of the products. Our idea is drawn on the
seminal document of Grossman and Krueger (1991), who claimed that pollution levels
can be reduced as a result of a technological effect. In our approach, the fundamental idea
proposed the need of differentiating the volume of production, as captured by GDP per
capita, from the sophistication of production, as captured by economic complexity index
(ECI) (Hausmann et al., 2014; Hidalgo & Hausmann, 2009), to inquire about how they
affect the future pollution of nations.
Existing studies focusing on this literature branch, have analyzed one single country
(Can & Gozgor, 2017; Chen & Taylor, 2020; Pontarollo & Muñoz, 2020) or with a selected
set of nations (Apergis & Ozturk, 2015; Cole et al., 1997). The current study showed an
updated and broader use of sampled countries. In addition, most of the previous studies
relied on standard panel cointegration tools (e.g. FMOLS, DOLS, ARDL, etc.). Instead, we
employed less used techniques in this context to evaluate more neatly, we believe, problems
present in the estimates (e.g. heterogeneity not observed, endogeneity, non-linearity in the
models, etc). Our combined use of an ANFIS model with Dynamic Panel Data estimators
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and the Sasabuchi–Lind–Mehlum test facilitated the analysis of 86 nations with panel data
between 1971 and 2014.
From the ANFIS model, our results showed that the effect of GDP per capita on CO2
emissions proved to be higher than that of the economic complexity. The relationship
between CO2 emissions and GDP per capita could be better adjusted to a different form
than the hypothetical inverted-U-shape, and this relationship proved to be more accurate
for developed nations than for developing countries. This same pattern was also consistent
for the relationship between CO2 emissions and the economic complexity index.
Based on dynamic panel data techniques, and contrary to previous findings (Apergis
& Ozturk, 2015), our results did not support the hypothesis of an inverted-U relationship between CO2 emissions and GDP per capita, namely, an EKC was not confirmed.
The results, under the same specifications, also confirmed that our initial hypothesis
of an inverted-U relationship between economic complexity and CO2 emissions proved
to be non-existent. However, the models gave us indications that the form of such a
relationship may exist in a decreasing monotonous manner, and only for developed
countries.
In light of our latest technique, the SLM test, the results support the inverted-U hypothesis for the total sample of countries and developing countries. The technique also revealed
that a non-monotonic relationship is non-existent for ECI.
Therefore, we could state in general terms that there is not an inverted-U relationship between the volume of production and CO2 emissions. ECI and pollution showed
a significant, negative and monotonous relationship only in developed countries. Authors
such as Begum et al. (2015) have mentioned the need to address low carbon technologies
as a mechanism to reduce emissions, according to the results of this paper, one way to
achieve this is to promote those products with higher added value and a higher degree of
sophistication.
The current study is not free of limitations. The emphasis on products here prevents us
from describing the possible impact services-based activities have on nations’ economic
growth, complexity, and pollution. To our knowledge, the link between services-oriented
economy, CO2 emissions, and economic complexity is a topic that remains unexplored,
and its empirical evidence is scant. Only the works Stojkoski et al. (2016) and Mishra
et al. (2020) provide indirect evidence but it does so without scrutinizing the CO2 emissions. Further research in this way has several contribution opportunities in this regard.
First, it will illustrate a more complete panorama regarding the complexities associated
with the Environmental Kuznets Curve. Second, by providing such a landscape, other
metrics or variables might emerge as relevant factors of this complex system. Another
fruitful contribution in this sense might be those oriented towards the use of other metrics related to nationwide pollution levels apart from CO2 emissions. Finally, but not least
importantly, it is worth mentioning that the current study harnessed the functional form
that leads to statistical estimations on the link between economic growth with pollution.
Future research might contribute by illustrating other functional forms (not explored here)
to understand this link.
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Appendix
Sampled countries in this work were the following ones: Albania, Algeria, Angola, Argentina, Australia, Austria, Belgium, Bolivia, Brazil, Bulgaria, Cameroon, Canada, Chile, China, Colombia, Costa
Rica, Cote d’Ivoire, Denmark, Dominican Republic, Ecuador, El Salvador, Ethiopia, Finland, France,
Gabon, Ghana, Greece, Guatemala, Honduras, Hong Kong SAR, China, Hungary, India, Indonesia, Iran, Ireland, Israel, Italy, Jamaica, Japan, Jordan, Kenya, Korea, Kuwait, Lebanon, Malaysia,
Mexico, Morocco, Mozambique, Netherlands, New Zealand, Nicaragua, Nigeria, Norway, Oman,
Pakistan, Panama, Paraguay, Peru, Philippines, Poland, Portugal, Qatar, Romania, Saudi Arabia,
Senegal, Singapore, South Africa, Spain, Sri Lanka, Sudan, Sweden, Switzerland, Tanzania, Thailand, Togo, Trinidad and Tobago, Tunisia, Turkey, United Arab Emirates, United Kingdom, United
States, Uruguay, Venezuela, Vietnam, Zambia, and Zimbabwe

