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Abstract

Theories of the association between environmental degradation and economic growth are not
new and are very important under current global conditions to understand and tackle challenges
like decarbonisation and the circular economy among others. Countries must balance growth with
environmental degradation, and in the extensive literature that deals with this association, applied
economists have largely used the environmental Kuznets curve (EKC) setting, with different em-
pirical methodologies in various data settings. However, under a panel data framework, researchers
often assume that countries are similar when dealing with unobservable heterogeneity. The papers
exploits one of the methodologies to unveil heterogeneity to determine groupings from the data.
We consider the countries that account for nearly 80% of global carbon dioxide emissions and ap-
ply the EKC setting. Using a Classifier Lasso framework that applies latent group methodologies
to address unobservable heterogeneity, we find for two distinct groups substantial heterogeneity
in types of energy consumption (renewable and total) with both positive and negative effects ob-
served in the data. The results provide a new perspective on potential impacts illustrated in the
EKC literature that might be relevant to policy makers.
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1. Introduction

The Rio Convention of 1992 followed by the Kyoto Summit of 1997 and the recent COP21
Summit of Paris have served as milestones for policymakers in reducing the extent of greenhouse
gas (GHG) emissions and maintaining a sustainable future. However, the effect of GHGs on
Earth might lead to an increase in temperatures of 3 ◦C by 2050 (United Nations Climate Change
Secretariat, 2015), leading to catastrophic climatic changes globally. This also might lead to a
reduction in economic output in developed and developing countries , and annual GDP growth
might decrease by 2 to 4% by 2040 and by 10% by 2100. Therefore, a common global agenda
is to reduce emission levels in both developed and developing countries without hampering eco-
nomic progress. Some policies developed in this regard involve funding technology transfer to the
developing world and increasing the use of renewable energies (IEA, 2018).

Sustainable development and human development interconnections have developed a fruitful
broad view on development strategies. The re-appearance of the Kuznets legacy, with the rise
of the Environmental Kuznets curve hypothesis, in the 90s, interconnected environmental sus-
tainability, development and inequality issues. In 1995, Grossman and Krueger (Grossman and
Krueger, 1995) extends the theory originally postulated by Simon Kuznets 1 and extents it to en-
vironmental degradation, assuming and inverted-U relationship between economic growth and the
environment. In the Environmental Kuznets Curve (EKC) 2 , the initial increase in per capita GDP
is due to the shift of the workforce from agriculture to industry and causes an increase in pollu-
tion. Assuming that after a certain threshold of per capita income all basic needs are being met,
contextually to a new shift to the services sector, a demand for environmental quality emerges
and develops so that the supply side of the economy must adapt by introducing cleaner technolo-
gies. Technology is central also in the theoretical work of Brock and Taylor (2010), which update
Solow model of economic growth to incorporate technological progress in abatement. Within this
framework, the relationship between climate change and economic development has been well
studied (Grossman and Krueger, 1991, Grossman and Krueger, 1995, Holtz-Eakin and Selden,
1995, Carson, 2010), and some extensive reviews can be found in (Borghesi, 2000, Brock and
Taylor, 2010, Uchiyama, 2016). Additionally, the relationship between growth and emissions,
including innovation, has been extensively used in the policy-making literature especially for de-
veloped countries (e.g. the Stern Review (Dietz, 2011)). Researchers often assume that countries
are similar when dealing with unobservable heterogeneity. From an econometric point of view
, many methodologies have been developed from simple time-series methodologies to very com-
plex ones using GAMS (Generalized Additive Models), Bayesian and heterogeneous estimators to
tackle cross-sectional dependence (Musolesi et al., 2010, Mazzanti and Musolesi, 2013, Mazzanti
and Musolesi, 2017). All of these works have shown the presence of strong forms of heterogeneity
in developed countries 3 .

1The Kuznets curve describes the trend of inequality in relation to the rate of development, showing the evolution
of income distribution over time Kuznets, 1955.

2New EKC applications are among others Massimiliano Mazzanti and Antonio Musolesi, 2014,Mazzanti and
Musolesi, 2017,Wagner, 2015,Wagner et al., 2020

3Musolesi Antonio and Mazzanti Massimiliano, 2014 approach is the following: disentangling income and time-
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This paper adopts a panel data model to account for this crucial heterogeneity. In our panel data
model, cross-sectional units form a number of groups; within these groups, the slope coefficients
are similar, but they vary across groups, and both the number of groups and individual group
membership are unknown. This mode of determining the number of groups and group membership
provides a new perspective on the EKC literature, with interesting insights for development and
policy analyses. To analyse heterogeneity, we apply a recent classification method, the C-Lasso
method, developed by (Su et al., 2016 [SSP (2016) hereafter] and Huang et al., 2020b [HJS (2020)
hereafter]). The methodology is pretty novel, as it provides a consistent estimator for unknown
group structures and delivers oracle-efficient estimates for the coefficients of each group. We use
data from thirty-four countries in our sample for a period of 1971-2015 , and we conclude with
two groups, revealing marked heterogeneity. Some diversified developmental patterns are evident
from the data. Specifically, the effect of renewable energy consumption on gross domestic product
is positive for one group and negative for the other.

The rest of the paper is organized as follows. Section 2 provides a brief literature review,
Section 3 explains the panel structure model and C-lasso technique provided by SSP (2016), which
are used account for latent group structure across different countries within the time period 1971-
2015, and Section 4 describes the data and the model employed. Section 5 provides the results and
Section 6 concludes.

2. Background and Literature Review

From the start of the 20th century, there has been an increase in extreme weather-based dam-
age, which is hypothesized to be led by global warming. These environmental issues can be
broadly classified into two main categories: local issues, which relate to environmental pollution,
and other issues, which are influenced by global warming and ozone depletion. Scientists and
economists have agreed on the fact that unrestricted economic activities are a main cause of envi-
ronmental destruction, one such being the mass consumption of fossil fuels. The Limits to Growth
report commissioned by the Club of Rome illustrates the foundational interactions between eco-
nomic activities and environmental issues.

The environmental Kuznets curve hypothesis depicts the relationship between economic growth
and the environment. Briefly, it can be said that when one explores per-capita income and per-
capita measures for any environmental variable, one might find an inverted U-shaped curve, which
can be explained as follows. In early stages of development, environmental degradation increases
but falls after per capita income exceeds a certain level (i.e., the turning point). The theory was
first proposed by Simon Kuznets (Kuznets, 1955) to understand the relationship between per-
capita national income and income inequality. With the introduction of the concept of sustainable
development, the EKC literature has gained much momentum among researchers.

Grossman and Krueger (Grossman and Krueger, 1991) and Shafik and Bandyopadhyay (Shafik
and Bandyopadhyay, 1992) , were some of the first to address the EKC in the literature. Many sur-
vey studies have been published in the EKC area, including ( Stern, 1998, Andreoni and Levinson,

related effects (which are possibly heterogeneous across countries) in the study of greenhouse gas dynamics, while
allowing for possible residual serial correlation at the same time, using Generalized Additive Mixed Models
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2001 Stern, 2004, Dasgupta et al., 2002, Dinda, 2005) a recent one being (Shahbaz and Sinha,
2019). The EKC literature has been heavily debated among scholars for a long time as the avail-
ability of new datasets on various dimensions has increased over time. In addition, previous re-
search has left some issues unresolved, which are being studied with new econometric techniques.
While we do not explore such issues further here in the interest of conciseness, a very good review
of issues (both theoretical and empirical) surrounding the EKC can be found in (Uchiyama, 2016
[Chapter 2]). Some recent literature on the subject of EKC worth mentioning are (Andre et al.,
2019, Awaworyi Churchill et al., 2020 and Ik et al., 2019).

The present study proposes a somewhat novel approach to analyse EKC. The analysis does not
only deal with time-varying coefficients, that may capture the instability of the EKC, but also uses
an unknown latent group structure methodology to partition our sample of countries into groups,
to focus on slope heterogeneity. A similar approach was taken by (Mazzanti and Musolesi, 2013),
who classify groups first and then address heterogeneity and structural breaks. Li et al., 2016 also
consider structural breaks and interactive fixed effects to address heterogeneity. However, both of
these studies lack an unknown group structure.

3. Econometric Methodology

The traditional fixed-effects panel data model assumes cross-sectional units are heterogeneous
in terms of time-varying intercepts with a homogeneous slope coefficient, but this assumption of
slope homogeneity has been debated in the econometric literature. Heterogeneity is theoretically
and empirically a cornerstone argument in the literature about growth, development, innovations
(Azariadis and Drazen, 1990, Durlauf et al., 2001 for conceptual insights, Musolesi and Mazzanti,
2014; List and Gallet, 1999 on environment, policy development dynamics). As it is well known,
panel data presents various alternatives to cope with the analysis of individual heterogeneity and
omitted or unobserved effects. The key issue is always to specify a model that is able to account
for behaviour heterogeneity across individuals and over time in a common pool of data. The var-
ious degrees of Poolability and the management of intrinsic trade-offs between different models
are the main issue within panel data analysis. Key specifications are, in a linear additive para-
metric world: (i) intercept and slopes are constant, error terms capture heterogeneity; (ii) constant
slopes but different intercept (one way model, with deterministic or stochastic fixed effects); (iii)
constant slopes but different intercepts by individuals and by time (two ways models, again with
deterministic or stochastic fixed effects); (iv) intercepts and slopes may vary by individuals; (v)
intercepts and slopes may vary by time. Poolability is relaxed moving from i to v. Given that
consistency is assured for large T*N dataset, the intrinsic trade off is between higher efficiency in
poolable models that estimate a more limited set of parameters and lower efficiency but hetero-
geneity accounting in models that consider cross section and time related heterogeneity.

Against this background, to address heterogeneity, a traditional approach is to split the data into
similar groups and apply standard fixed-effects model so that unobserved heterogeneity enters the
model additively. This method has been repeatedly criticized in studies (Hsiao and Tahmiscioglu,
1997, Lee et al., 1997, Phillips and Sul, 2007, Su and Chen, 2013). Over the years, different
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approaches have emerged to address unknown group structure in inferencing unobserved slope
heterogeneity. The first set of models used are finite mixture models . Sun, 2005 proposes a fi-
nite parametric linear mixture model, and; Kasahara and Shimotsu, 2009and Browning and Carro,
2013 use nonparametric discrete mixture distributions to identify finite number of groups in dis-
crete choice panel data. Another method in use is of cluster analysis using the K-means algorithm,
and much progress has been made using this approach . (Lin and Ng, 2012, Sarafidis and Weber,
2015, Bonhomme and Manresa, 2015, Ando and Bai, 2016) use a K-means algorithm to deal with
slope based heterogenenity. SSP(2016) used a variant form of the Lasso, the C-Lasso, to identify
latent group patterns when slope coefficients exhibit a group structure. HJS (2020) extend this
approach to cointegrated panels, and Huang et al., 2020a extended it to non-stationary panel data
while dealing with cross-sectional dependence, which is very useful for tackling problems relevant
to spillover-based studies. In our analysis, we do not assume the presence of any group structure
in our data, but we deal with slope heterogeneity by applying new group structure concepts.

3.1. A. Model
We adopt the estimation technique of SSP (2016) for our empirical purpose and a brief expla-

nation of the technique is given below takes the following form:

yit = β0′
ixit + φi + τt + εit, i = 1, ...., N, t = 1, ...., T (1)

where i and t denotes country i and period t, respectively , yit is a scalar, xit is a p × 1 vector
of exogenous or predetermined variables, βi is a p × 1 vector of slope parameters, φi and τi are
individual fixed and time effects εit is the idiosyncratic error term with mean zero. Following SSP
(2016) we assume that β0

i is heterogeneous across groups and homogeneous within a group. A
latent country specific group structure is imposed on the β0

i

β0
i =


α0
1, if i ∈ G0

1

.

.

α0
K0
, if i ∈ G0

K0

(2)

where, α0
j 6= α0

k for any j 6=k,
⋃K0

k=1G
0
k = 1, 2, ....N and G0

k

⋃
G0
j = ∅ for any j6=k, at this

instance the number of groups K0 is known and fixed is known and fixed but that each individuals
group membership is unknown, and we calculate the number using an Information criterion as
following SSP (2016) as described below. 4

By allowing for the latent group structures for the long-run parameters, a right balance between
parameter parsimony and model misspecification is expected to be achieved. It is important to note
that the key parameters of interest in nonstationary panels are the coefficients of the nonstationary
regressors as they characterize the long-run equilibrium relationship between the dependent vari-
ables and the nonstationary regressors. The estimation technique allows these parameters to be
individual-specific, so an individual time-series regressions can estimate them but their estimators

4An important assumption is that individual group membership does not vary over time.
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will have nonstandard limiting distributions and can converge to the true values only at the rate
T. But if these coefficients are assumed to be common across all individuals,ti will have a con-
venient yet restrictive assumption that facilitates estimation and inference and meanwhile a very
large chance of model mis-specification. The latent group structure adopted in this article is an
inter-mediate approach. It allows for a certain degree of heterogeneity in the long-run parame-
ters and helps to overcome some problems associated with nonstationary time series analysis too.
In particular, under some conditions one can easily identify the group structure and estimate the
group-specific long-run parameters at the rate of

√
NT , SSP (2016) also states that the long-run

parameter estimators are asymptotically normal.

3.2. B. Methodology
After eliminating individual fixed and time effects from (1) following (Hsiao, 2003 [Chapter

3.6], Lu and Su, 2017, Wang et al., 2018), we obtain the following5

ỹit = β′ix̃
′
it + τ̃t + ε̃it (3)

where ε̃it = εit − ε̄, τ̃t = τt − τ̄ and τ̄ = T−1
∑T

t=1 τt. So we eliminate τ̃t from (3)

ÿit = β′ix̃it −
1

N

N∑
j=1

β′jx̃jt + ε̈it (4)

where ÿit = yit− ȳi.− ȳ.t + ȳ, ȳ.t = 1
N

∑N
i=1 yit, ȳ = 1

NT

∑N
i=1

∑T
t=1 yit also ε̈it, ε̄.tand ε̄t are

similarly defined. We set the number of groups as K0 and then calculate the number as described
in the following section and can thus estimate β ≡ (β0

1 , ...., β
0
N) and αK0 ≡ (α0

1, ....., α
0
K0

) by
minimizing based SSP(2016).

QK0
2NT,λ(β,αk0) = Q2,NT (β) +

λ

N

N∑
i=1

K0∏
k=1

||βi − αk|| (5)

SSP (2016) introduces the classifier Lasso (C-Lasso) framework by extending the group Lasso
estimation technique proposed by Yuan and Lin, 2006 and propose to estimate β and αk0 by
minimizing equation (5).

where,

Q2NT (β) =
1

NT

N∑
i=1

T∑
t=1

(
ÿit − β′ix̃it +

1

N

N∑
J=1

β′jx̃jt

)
(6)

Equation (5) is a Penalized Profile Likelihood function (PPL), where λ=λNT the tuning param-
eter. The second term on the right hand side of equation (5) is the penalty term, which takes a

5For a better explanation please refer to SSP (2016) page 2220, they use a Gaussian quasi-maximum likelihood
estimation (QMLE) technique they minimize βi, φi and τt from eq (1) with ψ(ωit, βi, φi, τt) = 1

2 (yit − β′
ixit −

φi − τt)2 and ωit = (yit, x
′
it)

′. Where ψ(ωit, βi, φi, τt) is assumed to be the logarithm of the pseudo-true conditional
density function of yit given xit, the history of (yit, xit), and (βi, φi, τt).
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novel mixed additive-multiplicative form. Traditional Lasso includes additive penalty terms to
an objective function by differentiating zeros from non-zero-valued parameters to select relevant
regressors, whereas the C-Lasso has N additive terms, each of which takes a multiplicative form
as the product of K0 separate penalties. The multiplicative component is needed because for each
unknown i a priori to which point βi should shrink and must allow βi to shrink to any one of theK0

unknown values α1....αK . Each of theK0 penalty terms in the multiplicative expression permits βi
to shrink to a particular unknown group-specific parameter vector αK . The summation component
collate information from all N cross-sectional units in order to identify the group-specific param-
eters and the individual-specific parameters jointly. The tuning parameter is used to control the
size of the penalty, a too small value of means that the penalty term would not play an important
role so that many of βis would not shrink toward one of the group-specific values in (α1....αK); a
too large value of will force all βis to shrink toward one of the group-specific values in (α1....αK),
which will definitely result in misclassification. In theory, as put forward by SSP (2016), λ tends
to zero at an appropriate rate as (N, T ) → ∞. A detailed assumptions and specifications can be
found in SSP (2016) and HJS (2020). Then, post-Lasso estimates can be easily obtained by pool-
ing all observations within each estimated group and then estimating the group-specific parameters
for each group separately after individuals are demeaned over-time and across individuals. As a
result, the standard error for each group-specific estimate can be determined.

3.3. C. The Information criteria
Tuning parameter λ is set following SSP (2016) as λ = c s2Y T−1/3, where sY is the sample

standard deviation of Yit and c is constant. We use five different values of c (0.05, 0.10, 0.15, 0.20,
0.25) to examine the sensitivity of the results to c (thus λ). By assuming K is upper-bounded by
KMAX , we choose K by minimizing the following information criterion (IC)

IC(K,λ) = ln[(σ̂2
(K,λ)] +Kp +

1√
NT

(7)

4. Empirics and data

In accordance with the previous literature, we apply a simple dynamic model, to explain the
relationship for the EKC model.

yit = αi + β1iyit−1 + β2ixi,t + εit (8)

where yit is denoted by the environmental quality indicator of i-th individual for t-th time
period, xit can be denoted by a vector of p×1 explanatory variables, αi is the fixed effect and εit
is an idiosyncratic error term. We use carbon dioxide emission per-capita as our environmental
quality indicator while we use per-capita gross domestic product and per-capita renewable energy
consumption as our explanatory variables.

coi,t = αi + β1ilcoi,t−1 + β2igdpi,t + β3ireni,t + εi,t (9)

Where CO stands for log of per-capita carbon dioxide emission in tonnes, GDP is the log of
per-capita gross domestic product in PPP terms in constant 2005 United States billion dollars,
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REN is per-capita renewable energy consumption in thousand tonnes of oil equivalent. Table 2
reports the descriptive statistics. We use annual data for a list of countries (see Table 1 for details)
for a period of 1971-2015.

Table 1: List of countries in our sample
Argentina Greece Norway
Australia India Portugal
Austria Indonesia Singapore

Belgium Ireland South Africa
Brazil Israel Spain

Canada Italy Sweden
Chile Japan Switzerland
China Korea Turkey

Denmark Malaysia United Kingdom
Finland Mexico United States
France Netherlands

Germany New Zealand

We also use per-capita total primary energy consumption in million tonnes of oil equivalent
represented by TP instead of per-capita renewable energy consumption to determine the difference
in between the two and (9) can be re-written with the following form:

coi,t = αi + β1ilcoi,t−1 + β2igdpi,t + β3itpi,t + εi,t (10)

Data for carbon dioxide emissions, GDP in 2005 PPP USD billions and TP in millions of tonnes of
oil equivalent for population measured in millions were acquired from IEA (IEA, 2017) to convert
data in per-capita terms, and renewable energy consumption in millions tonnes of oil equivalent
was collected from OECD (OECD, 2018). Figure 1, 2 and 3 provides a more comprehensive
account of the nexus in between our variables.

Table 2: Descriptive Statistics

Stats CO GDP REN TP
Mean 1.703 2.944 12.098 0.921

Median 1.906 3.168 12.142 1.084
S.D. 0.822 0.830 1.496 0.758

Skewness -1.164 -1.604 -1.003 -0.806
Kurtosis 1.382 3.155 1.828 0.101

Minimum 3.096 4.363 14.915 2.139
Maximum -1.543 -0.730 5.547 -1.317
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It is important to mention as in figure 2 the relationship between CO and REN has been flat,
while in figure 3 the relationship between CO and TP has been steep upward rising. Over the
years, there has been an increase in energy efficiency along with some structural break events
like oil-price shocks, events of war this can be a possible explanation of underlying heterogeneity
(Mazzanti and Musolesi, 2013, Mazzanti and Musolesi, 2017, Musolesi and Mazzanti, 2014),
while renewable energy is a pretty recent concept. Some countries were faster to adopt renewable
energy than the others which marks quiet a distinctive feature to explain the possible existence if
heterogenity.

Figure 1: CO2-GDP nexus: 1971-2015 in logarithmic scale

As stated earlier in section 2, existing literature on environmental kuznets curve have always
treated slope heterogeneity as to be of known in nature, this was mostly due to unavailability
of estimation techniques which can deal otherwise. SSP (2016) is of innovative in this regard,
they put forward a new method for econometric estimation and inference in panel models when
the regression parameters are heterogenous across groups, individual group membership is un-
known, and classification is to be determined empirically. Using an automated data-determined
procedure, which do not require the specification of any modeling mechanism for the unknown
group structure. We adopt the technique to deal with the unknown extent of slope heterogeneity
among other things like cross-sectional dependence, nonstationarity, and existence of combination
of both. Given the background of controversy in the kuznets curve literature, this paper argues that
the versatility of the panel structure model in accommodating heterogeneity in behavior by means
of data-determined grouping offers a new look at this long-standing issue.

5. Results

5.1. A. Cross-sectional dependence
To understand the nature of cross-section of our variables, we mainly follow (Pesaran, 2004,

Pesaran, 2015) . The results are shown in Table 3. The null hypothesis is strict cross-sectional
independence, which is rejected for all of the concerned variables. The results in Table 3 indicates
that panel data have cross-sectional dependence.
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Figure 2: CO2-REN nexus: 1971-2015 in logarithmic scale

Figure 3: CO2-TP nexus: 1971-2015 in logarithmic scale
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Table 3: CD Results- I
Var. CD-test p-value mean ρ mean abs (ρ)
CO 32.519 0.000 0.20 0.62

GDP 144.463 0.000 0.91 0.91
REN 62.172 0.000 0.39 0.68
TP 91.101 0.000 0.57 0.70

5.2. B. Unit root tests
Table 4 reports the outcomes of three first-generation unit root tests with cross-sectionally

demeaned data based on (Im et al., 2003) along with first-difference of each variable, . Wwe
use BIC lags for each case. The results show the variables are generated by unit root stochastic
processes and their first differences are of stationary in nature.

Table 4: First generation Panel Unit root tests- I
Variable Statistic p-value

CO 1.472 0.929
GDP 6.344 1.00
REN 3.585 0.998
TP 3.023 0.998

DCO -33.614 0.000
DGDP -20.758 0.000
DREN -37.490 0.000
DTP -37.253 0.000

To understand the non-stationarity among our variables as in Table 4, we use a much more
evolved unit root test using a multi-factor error structure framework, we then follow (Pesaran,
2007 and Pesaran et al., 2013) and as in the previous case, the variables become stationary at first
difference. The results are presented in Table 5. We choose 3 lags following the literature that sets
lags equal to an integer of T 1/3 (in our case T = 45), and so the lag length becomes 3.

5.3. C. Cointegration
After checking for stationarity, we focus on cointegration relationships among our variables,

and we follow Westerlund, 2007, Persyn and Westerlund, 2008 to understand the order of integra-
tion among our variables. Table 6 represents the cointegration relationships among CO, GDP and
REN and Table 7 represents cointegration relationship between CO, GDP and TP. We choose 3
lags, 3 leads and 1000 bootstrap replications.

We conclude with presence of cointegration among our variables for both the cases. The mean-
group test (Gτ ) averages heterogeneous OLS estimates of the speed of adjustment of their standard
errors , while the panel test (Pτ ) provides estimates of the aggregate speed of adjustment and its
standard error.
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Table 5: Second generation Panel Unit root tests- II
Variable t-bar Z[t-bar] p-value

CO -1.354 2.582 0.995
GDP -1.903 -0.827 0.204
REN -1.822 -0.322 0.374
TP -1.713 0.352 0.638

DCO -3.266 -9.281 0.000
DGDP -2.778 -6.252 0.000
DREN -3.319 -9.611 0.000
DTP -3.058 -7.988 0.000

Table 6: Cointegration Results- co, gdp, ren
Statistic Value Z-value P-value Robust P-value

Gτ -1.947 4.032 1.000 0.841
Ga -5.236 6.678 1.000 1.000
Pτ -9.563 4.186 1.000 0.655
Pa -4.273 5.361 1.000 0.963

Table 7: Cointegration Results- co, gdp, tp
Statistic Value Z-value P-value Robust P-value

Gτ -1.999 3.673 1.000 0.737
Ga -6.480 5.689 1.000 0.993
Pτ -10.095 3.596 1.000 0.516
Pa -4.474 5.187 1.000 0.807

Because both Gτ and Pτ distributions assume error-correction models and are independently
distributed, one can conclude that the tests take into consideration cross-sectional dependence
based on bootstrapped standard errors.

5.4. D. Group Selection
Group selection is one of the most important criteria for this kind of estimation technique,

and we select the number of groups following, Lin and Ng, 2012, SSP 2016. The exact number
of groups is typically unknown, but finite integer Kmax is assumed, which is considered to be an
upper bound to the actually number of groups K0. The tuning parameter is set as λ = cλ × T−3/4
where cλ takes five candidates 0.05, 0.10, 0.15, 0.20 and 0.25. We arbitrarily fix Kmax at 7.

For each combination of number of groups and tuning parameter cλ, we compute the informa-
tion criterion value according to equation (7). The results are reported in table 8 and 9.

In both cases , we conclude with 2 latent groups following the majority rule, we find that
the information criterion suggests two groups for both model, i.e. the minimal value for the I.C
(Information Criteria), which tables 8 and 9 shown. Therefore, we set K=2 and cλ= 0.15 for
equation 9 and K=2 and cλ= 0.25 for equation 10 in subsequent analyses.
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Table 8: Number of Groups: Equation 9
c = 0.05 c = 0.10 c = 0.15 c = 0.20 c = 0.25

K = 1 -1.565 -1.565 -1.565 -1.565 -1.565
K = 2 -1.643 -1.643 -1.697 -1.680 -1.680
K = 3 -1.636 -1.604 -1.616 -1.624 -1.624
K = 4 -1.575 -1.568 -1.577 -1.462 -1.600
K = 5 -1.486 -1.483 -1.517 -1.521 -1.490
K = 6 -1.471 -1.462 -1.436 -1.4483 -1.454
K = 7 -1.383 -1.394 -1.272 -1.287 -1.482

Table 9: Number of Groups: Equation 10
c = 0.05 c = 0.10 c = 0.15 c = 0.20 c = 0.25

K = 1 -1.713 -1.713 -1.713 -1.713 -1.713
K = 2 -1.690 -1.690 -1.690 -1.714 -1.798
K = 3 -1.636 -1.649 -1.657 -1.674 -1.676
K = 4 -1.580 -1.580 -1.594 -1.600 -1.618
K = 5 -1.497 -1.529 -1.565 -1.565 -1.567
K = 6 -1.518 -1.508 -1.514 -1.514 -1.523
K = 7 -1.446 -1.457 -1.463 -1.463 -1.472

5.5. E. PLS estimation results
We now present the post-Lasso regression results for each group along with fixed effects for

both equation (9) and equation (10) as presented in Table 10 and Table 12. The results shown

Table 10: PLS estimation results: Equation 9
Variables Pooled FE Group 1 Group2

GDP 0.040 *** 0.5442 *** 0.051**
(0.030 ) (0.0562) (0.055)

REN -0.016 0.007* -0.033
(0.019 ) (0.016) (0.0467)

LAGGED 0.988 *** 0.440*** 0.942***
CO (0.019 ) (0.0464) (0.0336)

[Values inside parenthesis indicates values for standard errors. Symbols ***, **, and * denote
significance at 1%, 5%, and 10% levels, respectively.]

in Table 10 suggest that the estimate for the coefficient of GDP is always positive and significant
for both the groups and the pooled regression. For lagged carbon dioxide values, the coefficients
follow a similar pattern. However, for renewable energy consumption, , the pooled regression and
Group 2 coefficients are without significance; for Group 1, the coefficient is positive with 10%
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level of significance. Heterogeneity thus arises. Negative relationships between renewable energy
and carbon dioxide do not emerge neither in the pooled nor separate regressions.

Table 11: GROUP: Equation 9
Group 1 Argentina, Australia, Austria, Brazil,

membership = Chile, China, Greece,
21 India, Indonesia, Israel, Japan,

Korea, Malaysia, Mexico, New Zealand,
Norway, Portugal, Singapore, South Africa, Spain, Turkey

Group 2 Belgium, Canada, Denmark, Finland, France, Germany,
membership = 13 Ireland, Italy, Netherlands, Sweden, Switzerland,

United Kingdom, United States

The classification results based on equation (9) are shown in Table 11. Two groups are com-
puted from the technique : the first group includes 21 members , and the second group includes
13 members. With the exception of some countries, most of the EU countries, along with United
States and Canada, belong to Group 2; a group which includes mainly northern EU countries and
industrial countries like Italy 6

Table 12: PLS estimation results: Equation 10
Variables Pooled FE Group 1 Group 2

GDP -0.157 -0.167*** -0.158
(0.024 ) (0.032) (0.055)

TP 0.252 *** 0.0715*** -0.010
(0.039) (0.048) (0.0414)

LAGGED 0.872 *** 0.427*** 0.945***
CO (0.029 ) (0.043) (0.0502)

[Values inside parenthesis indicates values for standard errors. Symbols ***, **, and * denote
significance at 1%, 5%, and 10% levels, respectively.]

The results shown in Table 12 suggest the estimates for the coefficient of GDP are always
negative and only significant for Group 1. For total primary energy consumption, the estimates
of coefficients are positive with 10% significance level for both Pooled FE and Group 1, but for
Group 2 the coefficient value is not significant. The LAGGED CO values echo the results of
equation (9) and are always positive and significant at 10% level.

The classification results based on equation (10) are shown in Table 13. Two groups are
computed from the technique, and the first group same as before 26 members and the second group
of 8 members. There is also a significant amount of change in membership from Table 11, in this

6Looking at Eco-innovation scoreboards, Italy and France are close to the Northern EU countries
(https://ec.europa.eu/environment/ecoap/indicators/indexen).
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Table 13: GROUP: Equation 10
Group 1 Argentina, Australia, Austria, Brazil,

membership = Chile, China, Denmark,
26 Finland,Greece,India, Indonesia,

Ireland, Israel, Italy, Japan,
Korea, Malaysia, Mexico, Netherlands,

New Zealand,Norway, Portugal, Singapore,
Spain, Turkey, United States

Group 2 Belgium, Canada, France, Germany,
membership = 8 South Africa, Sweden, Switzerland,

United Kingdom

case South Africa moves to Group 2 from Group 1, but Denmark, Finland, Italy, Netherlands,
USA move to Group 1 from Group 2 when compared between the two equations (9) and (10).

The exercise shows that when heterogeneity is a relevant factor to consider, specific analyses
should be carried out specification by specification, given the potential effect of the selection of rel-
evant covariates on the group-wise clustering of results. Methodologically speaking, results show
that appropriate techniques can be exploited to unveil the unknown heterogeneity, the alternative
being defining ex ante the groups (Massimiliano Mazzanti and Antonio Musolesi, 2014). The pol-
icy relevance is clear; grouping countries can be useful to assess diversified effects of economic
and policy variables not considered in this paper, but food for thought for further research.

6. Conclusion

This paper revisits the EKC literature by applying a pretty novel econometric C-Lasso method
to develop a data-determined approach to the classification of countries into common groups. A
panel structure model is used to capture inherent heterogeneity across countries, and the C-Lasso
mechanism determines group membership and estimates for each group. We find definitive group
patterns and substantial heterogeneity in types of energy consumption (renewable and total). Total
energy consumption effects are stronger than renewables, as it may be expected. Renewable en-
ergy consumption effects might be positive in the macroeconomic setting since the entire life cycle
production is captured. All in all, renewable energy consumption is not strongly correlated with
CO2 in the long run dynamics; our dataset captures the Kyoto protocol phase in the second part of
the 1971-2015 panel. The results provide a new perspective on potential impacts illustrated in the
EKC literature that might be relevant to policy makers, since group-wise heterogeneity / clustering
may vary across specifications. Econometric Research should always take into account the model
selection issue, namely testing what the preferred model is out of a general setting. Functional
form and nonlinearities, Latent common factors and cross-sectional dependence, endogeneity of
the environmental policy variable and of the knowledge inputs, Model uncertainty are key econo-
metric issues to consider in model selection (Mazzanti and Musolesi, 2020). This papers tries to
address some of those crucial aspects, with an application to a classic and relevant for environment
development dynamics EKC modelling. A model that addresses all of those clashes with the curse
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of dimensionality and is not feasible. If heterogeneity is the key issue, a proper model selection
and heterogeneity analysis might convey to policy makers more information on the similarities
countries/regions show in any specific case. The inclusion of policy indicators in the panel data
framework is a next step for this research.
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