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Abstract

This thesis delves into the analytical frameworks and statistical models that have been
employed in the studies investigating the factors influencing CO, emissions. The elec-
tronic databases Web of Science, SCOPUS, and ResearchGate were used to identify
citation records to discuss this topic. Subsequently, 30 journal articles met the selection
criteria and were retained for discussion. A detailed literature review was conducted
to understand the multifaceted factors influencing COs emissions, with particular em-
phasis on socio-economic, energy-related and policy-related aspects. Varied modelling
approaches were identified in these studies, but the Autoregressive Distributive Lagged
Model, Difference-in-Differences Model and Panel Quantile Regression Model were the
main models used by authors. By investigating various statistical methods used in the
selected studies, a well-rounded understanding of how determinants of CO, emissions
are identified and quantified is provided.
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1 Introduction

Global climate change, driven mainly by anthropogenic carbon dioxide (COg) emis-
sions, has become a critical issue nowadays. As CO, continues to accumulate in the
atmosphere, causing substantial shifts in global weather patterns, rising sea levels, and
increased frequency of extreme weather events. To combat these terrible consequences,
countries worldwide are taking initiatives to reduce COy emissions, including measures
like promoting renewable energy, fostering technology innovation and implementing
policy regulations. Therefore, it is imperative to understand the various factors con-
tributing to CO, emissions to mitigate their impacts effectively.

Researchers worldwide have dedicated their efforts to identifying and analyzing main
driving factors of COy emissions, many of which have relied on the Environmental
Kuznets Curve (EKC) as a theoretical framework. The EKC proposes an inverted-U
relationship between environmental degradation (in this case, COy emissions) and per
capita income, suggesting that economic development initially leads to increased CO,
emissions, but as a certain income threshold is attained, further development mitigates
the emissions. While the EKC offers valuable perspectives into the relationship be-
tween income and emissions, it doesn’t encompass all of the crucial factors influencing
COy emissions. Consequently, recent empirical studies have extended this framework
involving socio-economic, demographic, and energy-related factors, among others.

Several studies have incorporated variables such as population size, energy consump-
tion patterns and technological advancements, into their research frameworks based on
various research contexts. These factors are multifaceted and complex, making their
relationships with CO, emissions challenging to quantify. To handle this complexity,
various statistical models have been employed in the studies, providing crucial insights
into the relationship between variables in the system.

In this thesis, it is aimed to discuss and analyze the statistical models applied
in the existing research evaluating the factors affecting COy emissions. [I'll explore
the strengths and limitations of each method, along with their unique features and
applicability. In addition, the findings drawn from these methods will be presented,
contributing to a comprehensive understanding of the determinants of CO, emissions.

The outline of this thesis is as follows: Section 2 presents a literature review relating
to the focus and statistical models. Section 3 describes the main statistical methods
employed to evaluate the factors influencing CO, emissions, illustrating their applica-
tion in selected studies. Section 4 explores alternative estimation methods for analyzing
the influencing factors. Section 5 discusses the statistical methods described above. A

summary and outlook in section 6 conclude the thesis.



2 Literature Review

2.1 Criteria for Selection of Papers

This thesis aims to provide the most relevant insights into the factors affecting CO,
emissions and the statistical models employed in this research domain. The papers are
sourced primarily from electronic databases Web of Science, SCOPUS, and Research-
Gate, using the search terms: “COy”, “Carbon emissions” combined with “statistical
analysis”, “modelling”, or “statistical model” to ensure relevance to the research do-
main. Throughout the process of literature selection, well-defined exclusion criteria
were followed.

Firstly, only studies employing statistical methods to assess CO, emissions were
selected, priority was given to studies published after 2020, as they provide the most
recent work and up-to-date insights into this evolving field. It is essential to reflect
the current state of research and the latest methods used in the study. I also limited
the search to indexed journal articles written in English to maintain consistency in
interpretation.

Besides, the geographical focus is considered, with priority given to studies con-
ducted in regions with high CO, emissions, including China, the US, Europe, etc.
These regions, known as major CO, emitters, provide the most critical case studies
for understanding the determinants of CO, emissions. The selected literature for this
thesis mainly includes research conducted in these key regions.

It is also important to note that COy emissions are a crucial component of carbon
emissions. Carbon emissions can also include the emissions of other greenhouse gases
such as methane, fluorocarbons, and nitrogen oxides, among others. However, due to
the prevalence and importance of CO, as a greenhouse gas, discussions on carbon emis-
sions often specifically focus on CO4y emissions. Consequently, studies analyzing carbon
emissions are also included. On the other hand, papers examining the factors influ-
encing carbon efficiency are not included in this thesis, as each paper might calculate
the efficiency differently, the varying methods make it challenging to ensure consistency
and could complicate the analysis.

By adhering to these criteria, this thesis identifies 30 relevant journal articles that
provide a current investigation of the factors contributing to CO, emissions, as well as

the statistical methods employed in their research.

2.2 Summary of the Reviewed Papers

The 30 journal articles selected in this thesis can be found in Table 1, the key informa-

tion and research content of each paper is clearly shown in this table.



Authors,

v Regions(s) Time Span  Focus Main Methods Main Findings
ear
Panel-corrected Carbon neutrality policy has a significant negative
Azimi and ) Carbon neutraility standard errors, impact on per capita CO2 emissions. Improving
. China 2006-2017 . . . .
Bian, 2023 policy Feasible generalized energy efficiency and renewable energy power
least squares generation can reduce CO2 emissions.
i Time-varying The implementation of Low-carbon city pilot policy
S. Wen and . Low-carbon city ) ) .. . ) )
: China 2003-2017 : ) Difference-in- led to a significant decrease in energy intensity and
H. Liu, 2022 pilot policy ) ... . . .
Differences model carbon emission intensity of the pilot cities.
The Low-carbon city pilot policy has effectively
) ) Time-varying promoted the reduction of CO2 emissions; Energy
X. Liu et al., . Low-carbon city ) ) ) . ) .
2002 China 2005-2016 Lot ol Difference-in- structure, industrial structure, and innovation level
ilot polic
PHOTPOTEY Differences model have a significant impact on the effect of low-carbon
city pilot policies.
Q. i China, USA, Envi al Non.li 1 An increase in environmental policy stringency
. Yirong, i ) nvironmenta n-linear pan . . . .
one India, Russia, 1990-2019 < © .o © S4t pane improves the environmental quality by reducing CO2
2022 policy stringency ~ ARDL model L
and Japan emissions in the long run.
LA Attli U.S., UK, Global Vector Auto- Monetary policy does not seem to reduce short-run
ALAttilio
¢ al. 2023 Japan, and 1990-2018  Monetary policy  regressive, Variance emissions in the U.K., or long-run emissions in the
etal., .. . .
the Eurozone decompositions Eurozone, but it has a strong effect in Japan.
. i Smart city pilot policy can curb CO2 emissions by
Time-varying trengthening the intensity of environmental
ren
A. Xu, W. Smart citv ilot Difference-in- s ﬁmﬁ. ma " Y technological
mart city pilo regulation and promoting green technologica
Wang and Y. China 2009-2018 ) yP Differences model, ) & . ﬁ. . g8 & )
policy . innovation. Mediating effect of resource allocation
Zhu, 2023 Mediating effect . . ] ]
del efficiency only works in low-carbon industries, not
mode
high-carbon industries.
Table 1: Summary of selected studies (continued on next page)
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v Regions(s) Time Span  Focus Main Methods Main Findings
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: Energy consumption and financial development
. . Mean-based regression . . e
Y. KEHO, . Socio-economic increase CO2 emissions, Industrialization increases
45 countries 1980-2011 methods, Panel .. . . . S
2020 factors . . CO2 emissions especially in countries with higher
quantile regression

level of CO2.

A.O. Fi - Instrumental variable  For standalone financial economies, the overall
inancia

Acheampong 83 countries  1980-2015 devel ¢ Generalized Method of financial market development and its sub-indicators
evelopmen

et al. ,2020 P Moment have no direct impact on carbon emissions.

For developed countries, there exists a negative long-
oK. International trade Panel pooled mean run relationship between CO2 emissions and trade.
Essandoh et 52 countries  1991- 2014 and foreign direct group-ARDL model, For developing countries, foreign direct investment
al., 2020 investment Granger causality inflows exhibit a positive long-run relationship with

CO2 emissions.

M. K. Anser 8 countries in 1994-2013 Human and Fixed effect regression  Population growth has increased energy use and
et al., 2020 South Asian economic factors  model contributed to carbon emissions.
. Foreign direct investment’s effect on CO2 emissions
A. Awan, MMQR, Fixed L. . .
. . . . is significant and positive at 0.05th-0.50th quantiles,
K.R. Abbasi, 10 emerging Foreign direct effects-OLS model . . . .
. . 1996-2015 . ) i it becomes insignificant at higher quantile levels.
S.Rejetal, countries investment with robust Driscoll- L .

Urbanization enhances while renewable energy
2022 Kraay standard errors .. .. )

mitigates CO2 emissions at all quantile levels.

. Public-private partnerships investment in energy
M. Shahbaz ) Investment in ) . .. ..
China 1984-2018 Bootstrapping ARDL  increased CO2 emissions. Exports are positively
et al., 2020 energy sector . . .
linked with CO2 emissions.
Financial . . R
Non-linear ARDL, An increase in Finance development can decrease
D.Xuetal, . development, L.
G7-Countries  1986-2019 Two-stage least carbon emissions. Renewable energy exerts a
2022 Renewable . . .
squares negative and significant effect on CO2 emission.
Energy
Table 1: Summary of selected studies (continued on next page)
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15 ol MMQR with fixed Electricity production increase CO2 emissions while
oil-
G.N. Ike et duci 1980-2010 Fossil fuel energy effects, Modified trade condenses CO2 emissions across all the
roducin —
al., 2020 P i 8 production Ordinary Least quantiles. Impacts of oil production and electricity
countries
Y Squares production on CO2 emissions are positive.
Public transport development level and CO2
Q. Jing et Public Two-way fixed-effect mﬂmmmwawmmﬂowomm%u\o_% ooa_w_w.ﬁav Mﬂo,vm;m an
.Jing e nverted U-shaped” curve relationship. Ener
£ China 2010-2019  Transportation model, Mediating- L P o p &y
al., consumption is the transmission path of the carbon
development effect model . . )
emissions reduction effect of public transport
development level.
International trade . o
i Exports and consumption-based carbon emissions are
C.-W. Su et and Autoregressive . ) .. .
USA 1990-2017 . o negatively associated, and technological innovation
al., 2020 Technological Distributive Lagged .
. helps reducing the adverse effect of CO2 growth.
Innovation
The transition from fossil fuels to renewable energy
Two-way fixed effects . . . . .
R. Wuetal, 18 developed Renewable and variations in energy intensity and fossil CO2
) 2005-2016 models, Granger ) ) i .
2021 countries Energy it intensity were the primary factors contributed to the
causali
Y decrease in CO2 emissions.
. Renewable ) Renewable energy, Information and communication
10 leading Granger causality, . . C
A. Azam et . Energy, i technologies-trade contribute to eliminating CO2
CO2 emitter ~ 2000-2016 Pooled regression, . ) o
al., 2021 ) Technology ) emissions. Innovation and green energy eliminate the
countries ) Fixed effect model ..
Innovation CO2 emissions.
M.M. )
. Renewable energy and export quality are found as
Rahman, K. Renewable Non-linear ARDL, . .
22 developed contributory factors for the reduction of CO2
Alam and E. ) 1990-2018  energy, Export Pooled mean group .. . L
countries ) L emissions. Bidirectional causality is found between
Velayutham, quality estimation .
00> renewable energy and CO2 emissions.

Table 1: Summary of selected studies (continued on next page)
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B Generalized Method of Bidirectional causality runs between natural
ner - . . .
&Yy ) Moments, Generalized resources and CO2 emissions. Negative relationships
I. Khan et consumption, . ..
L 2021 USA 1971-2016 Populai linear model, Robust between renewable energy and CO2 emissions. Non-
al., opulation . .
P h least-squares, Granger  renewable energy consumption, population growth
row .. . . -
& causality have a positive relationship with CO2 emissions.
Renewable energy technology innovation could
Z. Wang, Y. ) Renewable Panel ordinary least W m%. ) mu.\ <. U
China 2001-2017 control carbon emissions, while fossil energy
Zhu, 2020 Energy squares model . i i o
technology innovation might boost carbon emissions.
C.W. Su F Technological innovation has positive and negative
h.. w o Technological Rolling-window influences in mitigating greenhouse gas emissions.
iu, P. echnologica ) . .
Y USA 2010-2021 . 8 causality test, Granger  The negative impact confirms that Technological
Stefea et al., Innovation . ) L. i . c
2023 causality innovation is a dominant factor in mitigating carbon
emissions.
Technological innovation directly reduces CO2
. emissions through Research and Development
) Panel quantile ) . ] .
C.Chenget 35 OECD Technological . . investment and education expenditure; Technological
. 1996-2015 . regression with non- . . .
al., 2021 countries Innovation .. innovation can offset the positive impacts of
additive fixed effects ) .. )
economic growth on CO2 emissions by reducing
energy intensity.
The overall effect of High-quality energy
High-quality ) development on CO2 emissions is negative, it not
B. Wang et . System Generalized y ) ..
China 2007-2017  energy only curbs CO2 emissions directly, but also mitigates
al., 2022 Method of Moments .. .o .
development CO2 emissions indirectly by reducing total energy

consumption.

Table 1: Summary of selected studies (continued on next page)
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Technological innovation has no significant
Y. Chen. C Technological Generalized Nesting mitigation effect on CO2 emissions globally, but
. n, C.- . nologi . Lo S .
© 96 countries  1996-2018 echno .om . Spatial model, Two- Technological innovation in high-income, high-
C. Lee, 2020 Innovation . .
way fixed effect model technology, and high-CO2 countries can
significantly reduce CO2 in neighboring countries
Panel fixed-effects, . .. .
) Renewable energy consumption, electricity prices,
01 R bl Two-step Generalised dori ces b five i )
. Jeon, 48 US. states  1997-2017 enewable Method of Moments, an ?E@..% energy prices m.<o negative impact on
2022 Energy ) CO2 emissions whereas Heating Degree Days have
MMQR with fixed o .
a positive impact on CO2 emissions.
effects
System Generalized Per capita income, institutional quality, and
CK.Lauet 36 OECD 19702021 Green quality of ~ Method of Moments, technology increase CO2 emissions. The Green
al., 2023 countries energy mix Feasible generalized quality of energy mix is negatively related to the
least squares level of CO2 emissions.
Artificial Intelligence has a significant inhibitory
ffect b issions; Artificial Intelli
Chen et al., . Artificial Two-way fixed effects etiect on carbon o:.:m.m_ocmu theia .s .o .Hmoboo
China 2011-2017 ) reduces carbon emissions through optimizing
2022 Intelligence model ) ] o .
industrial structure, enhancing information
infrastructure.
J. Liu et al., ) Artificial Feasible generalized Artificial Intelligence significantly reduces carbon
China 2005-2016 . .
2022 Intelligence least squares emissions.
Fixed-effects model, L )
Wang et al., ) . X ) Although using industrial robots reduces carbon
China 2008-2019  Industrial Robots ~ Moderating effect . )
2023 emissions, it also leads to an energy rebound effect.

model

Table 1: Summary of selected studies (continued)



In general, retained studies involve multiple developed and developing countries as
well as global-level analysis. A survey of the literature reveals a shared focus across most
studies on socio-economic, demographic, and energy-related aspects. These appear to
be the predominant factors of interest in current research regarding CO, emissions.
Besides these critical research areas, it is worth noting that many studies also explore
the role of policy-related factors in determining carbon emissions.

Economic development and rapid urbanization are critical processes boosting fossil
fuel consumption, and consequently, COy emissions worldwide (Debone et al., 2021).
Therefore, it is essential to account for the influence of socio-economic factors, including
international trade, foreign direct investment, and population size, when investigating
the determinants of carbon emissions. At the same time, with the rapid advancement
of technology, the impacts of emerging technologies such as renewable energy develop-
ment and artificial intelligence have been incorporated by scholars into the analytical
framework for CO4 emissions, integrating sustainable manufacturing into environmental

governance.

2.3 Comments and Evaluation of Strategies

2.3.1 Strategy Overview

Current research investigating factors influencing CO4 emissions mainly employs panel
data analysis. This allows the consideration of data that includes both cross-sectional
and time-series aspects, providing a more detailed regional examination of their rela-
tionships. Different statistical methods were found in the selected papers. Granger
causality, Panel quantile regression models, Two-way fixed-effect model, Autoregres-
sive Distributed Lag (ARDL) model, and Difference-in-differences model are the main
modelling approaches used by the authors. The most common estimation approaches
used by researchers include Feasible Generalized Least Squares (FGLS), Generalized
Method of Moments (GMM) and Method of Moment Quantile-Regression (MMQR).

Meanwhile, a majority of the investigated studies employ the Stochastic Impacts by
Regression on Population, Affluence and Technology (STIRPAT) model. This environ-
mental impact assessment model serves as an analytical framework for their investiga-
tions. The STIRPAT model can comprehensively consider the impact of social, eco-
nomic, and technological driving factors on CO, emissions (Su and Lee, 2020). Hence,
it has been widely used in the research of influencing factors of COs emissions. This
detailed model will be further reviewed in section 3.

In the review of the studies, it is observed that the ARDL is the most frequently
employed modelling approach. The ARDL, NARDL (Nonlinear Autoregressive Dis-
tributed Lag), and BARDL (Bootstrap Autoregressive Distributed Lag) models are all



variants of the Autoregressive Distributed Lag model, which is widely used in statistical
time series analysis.

ARDL is a general specification taking into account the lag structure. (Ghouse and
Khan, 2018). Pesaran and Shin (1995) revealed that asymptotically valid inference on
short-run and long-run parameters could be made by employing ordinary least square
estimations of the ARDL model. The ARDL model can handle variables that are
stationary, nonstationary, or a mixture of both, making the model particularly suitable
for modelling complex economic and social phenomena in which the effects may not be
immediate but rather distributed over time.

A NARDL model is an extension of the ARDL model that allows for asymmetric
effects of changes in the explanatory variables. This means that increases and decreases
in the explanatory variables might affect the dependent variable differently. Jareno et
al. (2020) state that the NARDL approach has some advantages over other estimation
techniques. The NARDL approach is not inclined to omit lag bias, and is suitable
irrespective of the stationary properties of the variables. This approach simultane-
ously produces estimates of short and long-run nonlinearities through the positive and
negative partial sum of the decomposition of the regression.

Rahman et al. (2022) explored the asymmetrical influence of changes in techno-
logical innovation, specifically research and development (R&D), on carbon emissions.
They employed the NARDL model to examine the asymmetrical linkage between the
selected variables in the studied countries. The study indicates that negative shocks to
technological innovation (declines in R&D expenditure) have a significant and positive
long-term effect on carbon emissions. However, the influence of positive technological
innovation shocks (increases in R&D expenditure) presents an insignificantly negative
association with carbon emissions.

The BARDL model is another extension of the ARDL model. This method employs
bootstrap resampling, a statistical technique that can be used to estimate the sampling
distribution of an estimator by resampling with a replacement from the original sample.
The bootstrap approach can improve the accuracy of hypothesis tests and confidence
intervals in small samples. The BARDL bounds testing approach works better than the
traditional ARDL model, as this approach considers the joint F-test on all lagged level
variables, t-test on the lagged level of dependent variable and the regressors, which will
help with respect to cointegration equilibrium between the sample variables (McNown
et al., 2018). This methodology has a main advantage in addressing the problem of
weak size and power properties encountered in the traditional ARDL method.

Shahbaz et al. (2020) applied the BARDL cointegration technique and identified the
presence of five cointegrating vectors between carbon emissions and their determinants,

suggesting a long-run cointegration relationship between these variables. The presence



of cointegration between the variables led researchers to examine the long-run and short-
run effects of influencing factors on carbon emissions. They found that public-private
partnerships investment in energy sector has a positive and significant effect on carbon
emissions, and the relationship between technological innovations and carbon emissions
is negative and significant.

In summary, based on the ARDL model, these models are used to examine the
relationship between variables over time, and differ in their specific capabilities and
applications. The ARDL model is the most basic, the NARDL model includes the
capacity to handle asymmetric effects, and the BARDL model uses bootstrap methods
to improve accuracy in small samples.

Pedroni’s Fully Modified Ordinary Least Squares (FMOLS) model, the Dynamic Or-
dinary Least Squares (DOLS) estimator, and the Fixed Effects Ordinary Least Squares
(FE-OLS) technique are the prominent estimation methods used in the selected studies.
For example, Yirong (2022) found that an increase in environmental policy stringency
reduces CO emissions in the long run with the use of panel ARDL and NARDL meth-
ods, and the results were confirmed using FMOLS and DOLS.

The central reasons for concern in estimating dynamic cointegrated panels as high-
lighted by Pedroni (2004) are heterogeneity issues with differences in means between
cross-sections and differences in cross-sectional adjustment to the cointegrating equi-
librium. Pedroni’s Fully Modified Ordinary Least Squares (FMOLS) model includes
individual-specific intercepts and allows for heterogeneous serial correlation properties
of the error processes across individual members of the panel, and thus, deals with these
issues accordingly.

The DOLS estimator is another extension of OLS to the panel data setting based on
the results of Monte Carlo simulations and was found to be unbiased compared to both
OLS and the FMOLS estimators in finite samples. The DOLS estimator also accounts
for possible endogeneity of the regressors through the augmentation of lead and lagged
differences to suppress the endogenous feedback (Kao and Chiang, 2001). In addition,
the FE-OLS technique is augmented with Driscoll and Kraay standard errors, which
are robust to general forms of cross-sectional dependence and autocorrelation up to a
certain lag. Apart from the above estimators, other estimation techniques employed in
the selected studies will be discussed in detail in Section 4.
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2.3.2 Diagnostic Test

Before conducting regression analysis, researchers perform a series of tests on the data
to ensure reliable results. An essential step in this process, particularly when dealing
with time series analysis, is the stationarity test. The presence of a stochastic trend
in a variable set can give rise to misleading and spurious regression results. As such,
it is important to validate the stationarity of a series through unit root tests. The
augmented Dicky-Fuller (ADF) test, the principle of which is to verify the existence of
unit roots in time series data, is one of the most generally employed unit root tests.

If the result shows that the time series has a unit root, then the data needs to be
differentiated to make it stationary, avoiding the pseudo-regression of the variables.
When all data is non-stationary at the same level and tends to stabilize after the first
difference, a cointegration analysis will be applied to verify that the time series shows
long-term cointegration. The cointegration tests, including Pedroni, IPS and Kao test,
are performed to show long-term connections between non-stationary sequences. These
tests will be described in detail in section 3.1.

Cross-sectional Dependence (CD) tests are used to confirm cross-sectional depen-
dence within the panel data. Cross-sectional panel dependence may arise when, for
instance, countries respond to common shocks or spatial diffusion processes are present
(such as shocks from the financial crisis). If cross-sectional dependence is present, these
results, at least, are in the inefficiency of the estimators and invalid inference when
using standard estimation techniques (Ali, 2017). Investigating the presence of cross-
sectional dependency is crucial in panel data sets, as regions being studied may share
similar economic and institutional attributes that can cause cross-sectional dependency.

Panel data models have two main structures: Fixed Effects Models (FEM) and
Random Effects Models (REM). The Hausman test (Hausman, 1978) is commonly used
in the investigated studies to select the most appropriate model for the data structure.
The null hypothesis is that the preferred model is REM, while the alternative is that
the preferred model is FEM.

The recurring preference for the FEM (Wang et al., 2023; Azam et al., 2021 etc.),
as supported by the Hausman test, can be attributed to its ability to control for time-
invariant unobserved individual characteristics. This trait of the FEM is especially
beneficial in the context of panel studies, where unobserved region-specific character-
istics can significantly influence CO, emissions. By accounting for such unobserved
heterogeneity, the FEM can provide more accurate and reliable results than the REM,
assuming that individual effects are uncorrelated with the explanatory variables.

In order to ensure the robustness of their results, researchers often employ various
robustness checks and methods. Robustness checks are typically used to assess the
sensitivity and robustness of a model to outliers, model assumption violations, and

11



other confounders that may occur in the data.

A common approach to check the robustness in the selected papers is Placebo test,
which is essential to determine if the observed effect in the primary analysis is not
due to chance or spurious correlation. To conduct the process, the primary analysis
must be reproduced by substituting the key variable of interest with another variable
known as the ”placebo”. This placebo variable should be irrelevant or unrelated to the
model and is expected to have no impact on the outcome. It could be a variable from
a control group that was not exposed to the treatment, or a variable that represents
a period before the actual treatment occurred. For instance, in a study (Xu et al.,
2023) assessing the carbon reduction effect of Smart City Pilot Programs (SCPP), the
authors identified “false smart cities” randomly as the treatment group and set the
policy implementation time at random. Then they estimated the coefficients using
these new treatment and control groups, effectively completing a Placebo test. This
process was repeated 500 times to establish a distribution of estimated coefficients,
which confirmed the reliability of the baseline results. The results of the placebo test
reveal that, the coefficient estimates show an approximate normal distribution trend
with a mean value close to 0, which is significantly different from the coefficient of
SCPP in the baseline regression. The above analysis fully illustrates that the negative
effect of the SCPP on the CO2 emissions of industrial firms is robust (Xu et al., 2023).

Endogeneity tests are employed to assess whether an explanatory variable in a re-
gression model is correlated with the error term, thus violating the fundamental as-
sumption of regression analysis. Durbin-Wu-Hausman test is one common test for
endogeneity. Durbin-Wu-Hausman test compares the results of an OLS regression with
those of an instrumental variable regression, where the instrumental variable (IV) is
correlated with the endogenous explanatory variable but not with the error term. The
test suggests that endogeneity is present if the coefficients are significantly different
(Greene and William, 2012).

Endogeneity can arise due to simultaneity (e.g., economic growth can lead to in-
creased COq emissions due to increased industrial activity, simultaneously, higher CO,
emissions can impact economic growth due to health-related costs), omitted variables
(e.g., if a study only includes economic growth and omits technology advances in the
model, the coefficient on economic growth could be biased as it might also be capturing
the effect of technological progress), or measurement error (Johnston, 1972). Appar-
ently, endogeneity is often unavoidable in studies investigating factors impacting CO,
emissions. For instance, Liu et al. (2022) recognized that the relationship between
Artificial Intelligence (AI) application and COy emissions could be mutually influenc-
ing, the authors considered Al as potentially endogenous. In response, they introduced
a lagged version of Al as an IV in the empirical model, using the Two-Stage Least

12



Squares method to estimate parameters. The validity and strength of this IV were
tested through several statistical measures. The Anderson Canonical Correlation La-
grange Multiplier statistic rejected the null hypothesis that the IV is not identifiable.
The Cragg-Donald Wald F statistic rejected the weak IV hypothesis, indicating that
the IV is strongly correlated with the endogenous predictor. The Anderson-Rubin Wald
test further confirmed the correlation between the IV and AI (Liu et al., 2022).

Moreover, alternative models for further robustness checks are applied in the se-
lected papers. For instance, Su et al. (2020) adopted ARDL to analyze the relationship
between carbon emissions and trade, GDP and technological innovation, and subse-
quently implemented dynamic ordinary least squares (DOLS) to check the robustness
of the results. Wang et al. (2022) also conducted a robustness test by substituting
the COy emission variable with per capita CO, emissions and then reestimated the
parameters applying the FGLS, and SYS-GMM techniques simultaneously.

These different robustness checks and methodologies not only provide a solid founda-
tion for the research but also significantly enhance the validity of the results. Overall,
the analyzed methods could be considered efficient in investigating the relationships
between the studied variables.
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3 Main Strategies

3.1 Time Series Methods

Dealing with a time series with unit roots is essential because many statistical techniques
assume stationarity. Thus, the stationarity of a series must be tested through unit root
tests before constructing the statistical model to avoid misleading regression results.
Once it is determined that individual series are non-stationary, cointegration tests can
be applied to investigate the long-term relationships among non-stationary series. After
extensive empirical tests, the Granger causality tests further offer insights into the

direction of influence among variables.

3.1.1 Unit Root Test

In the context of time series analysis, stationarity is a critical concept. A stationary time
series has properties that do not depend on the time at which the series is observed.
This implies that the mean, variance, and autocorrelation structures do not change
over time. Stationarity can be divided into two types: strictly stationary and weakly
stationary. A time series {y;} is weakly stationary if for all ¢:

u(t) = E(y;) = p, and

V(4 h,t) = Cov(Yein, ye) = El(Yran — () (ye — p(t))] = v(h).
This means that the time series {y;} moves in a similar way as the “shifted” time
series {y;14} for all h. A process is called strictly stationary if the joint distribution of
{y1,...,yx} is identical to that of {yi4¢,...,yr+e} (Wohlrabe, 2023). Strict stationarity
implies that the process always maintains an invariant distribution function. All strictly
stationary processes satisfy the property of weak stationarity, but the converse is not
valid. In practice, strict-sense stationarity is too restrictive for many applications.
Therefore, the concept of weak stationarity is usually applied. In general, the term
“stationarity” is used to refer to the weak form of stationarity.

A unit root test is used to determine whether a time series is non-stationary and
possesses a unit root. A unit root implies that the series is non-stationary and exhibits
a stochastic trend. Consider the AR(1) case without drift,

Yt = PYi—1 T €, Et%iN<O>U2)a 0® < o0 (1)

to test for the presence of a unit root is to test the hypothesis

Hy:p=1 and Hy:p<Ll
The test is formulated such that the presence of unit root is the null hypothesis. A
major difficulty arises from the fact that, under the null hypothesis, the OLS estimate
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of p is not normally distributed, consequently, the t—statistic is not described by a
t—distribution.
Dickey and Fuller (1979) investigated this problem after subtracting y;_; from both
sides of Eq.(1), yielding
Ay = (p— Dy + & (2)

so that the test is
Hy:p—1=0 and H;:p—1<0

Dickey and Fuller used Monte-Carlo simulations to generate the critical values for the
non-standard t-distribution arising under the null. This test procedure is called the
Dickey-Fuller (DF) test. Dickey and Fuller considered a more general model

Ayr = ft)+(p—Dye1 + &

where f(t) is a deterministic function of time, it turns out that the critical value varies
with the choice of f(t). The deterministic trend specification assumes stationary de-
viations €; around a deterministic trend (¢). They provide critical values for the three
cases:
0 Case 1: random walk
flt)=<c Case 2: random walk with drift

co+ it Case 3: random walk with deterministic trend

If, in Case 2, there is a unit root, i.e., y; = ¢+ y;—1 + €, the constant c acts like a linear
trend. In each period, the level of y; shifts, on average, by the amount c¢. A process of
this nature is said to have a stochastic trend and to be difference stationary. In Case
3 with a unit root, i.e., y = co + c1t + yi—1 + €, we refer to a deterministic trend; and
the process becomes trend stationary after differencing.

A problem with the AR(1)-based unit-root test is that the ¢, obtained from Eq.(2)
tend to be autocorrelated. To circumvent this, one can add sufficiently many lagged
Ay;_;s on the right-hand side of Eq.(2)until the residuals appear to be white noise. If

the unit-root test described above is based on the OLS-estimated coefficient of 3;_; in

p—1

Ay, = f(t)+ (p— Dye—1 + Z Ay + €

=1

this refers to the augmented Dickey-Fuller (ADF) test. By including lags of order p, the
ADF formulation allows higher-order autoregressive processes (Imam, 2016). The unit
root test is then carried out under the null hypothesis p — 1 = 0 against the alternative
hypothesis of p —1 < 0. The test statistic is t = (p — 1)/6,, where &, is the standard
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error of p. The ADF test, which is the most widely used unit-root test, relies on the
same critical values as the DF test (Wohlrabe, 2023). If the calculated test statistic
is significantly less than the critical value, then the null hypothesis is rejected, and no
unit root is present.

While the ADF test is robust and commonly used, it is important to note that it
primarily analyzes single time series data. When handling panel data, the panel unit
root tests could be more suitable, such as the Im-Pesaran-Shin (IPS) test proposed by
Im, Pesaran and Shin (2003).

The IPS test evaluates the t-test for unit roots in heterogeneous panels and has the
added advantage of allowing for cross-sectional dependence. Consider a sample of N
cross sections (regions or countries) observed over T' time periods. We suppose that the
stochastic process y;, is generated by the first-order autoregressive process:

Vit = Pillip—1 +VZig + €y, 1=1,....N; t=1,...,T

also can be expressed as: Ay, ; = 6;yi—1 + 0o + Bit + €4,

where 0; = p; — 1, z;; is the exogenous term that exists in a constant form with fixed
effects and time trends, €, is the error term. And assume that there are n independent
individuals in the panel data series.

First, an ADF statistic t; = '00—1 is constructed for each independent individual.
-

k3

Then, t; of these individuals are averaged to calculate t = %22;1 t;.
Thus, deriving the ADF statistic for the panel data:

[—E@)
H0251:62:"':5N:O

Hy:4,<0,i=1,...,N;0;,<0,57=1,...,N
That is, we consider that under the alternative hypothesis, a part of the individual time
series in the panel data is stationary, while the remaining part of the individual time
series is non-stationary.
Overall, the IPS test proposes a standardized ¢-bar test statistic based on the ADF
statistics averaged across the groups. Under a general setting, this statistic is shown to
converge in probability to a standard normal variate sequentially (Barbieri, 2005).

3.1.2 Cointegration Test

Non-stationary data, as is often the case in many socio-economic variables, can be
transformed into a stationary sequence to permit further analysis. Integrated processes

represent a class of non-stationary time series that can be made stationary through
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differencing. A time series is said to be integrated of order 'd’ (denoted as I(d)) if it
must be differenced ’d’ times to become stationary. The number of differences required
to achieve stationarity represents the order of integration (Harris and Sollis, 2003).
For example, if a time series is non-stationary and one differencing step is required
to make it stationary, we denote this series as I(1) - integrated of order one. In the
multivariate case, there may exist a linear combination of non-stationary time series,
which is stationary without taking differences. This property is called cointegration.

Cointegration theory holds that although some economic variables are non-stationary,
their linear combination may be a stationary sequence. Engle and Granger (1987) were
the first to formalize this concept: The components of a (k x 1) vector X; are said
to be cointegrated of order (d,b), denoted by CI(d,b), if each component individually
taken is I(d), and a vector § = (f31, ..., fk) # 0 exists such that the linear combination
Zy =BT X, is I(d — b).

The linear combination is called a cointegration relation and the vector (3 is called a
cointegration vector. Cointegration means that two or more time series are connected
and form a long-term equilibrium represented by the linear combination AT X;. Al-
though the individual components may contain stochastic trends, they move closely
together over time and show only short-term deviations from their equilibrium (Harris
and Sollis, 2003).

The cointegration test is a statistical method used to determine the long-term equi-
librium relationship between two or more non-stationary time series variables. It helps
to identify whether there is a stable long-term relationship among the variables, despite
them individually exhibiting non-stationary behavior. One popular cointegration test
is the Engle-Granger two-step method. It is used to test the null hypothesis of no
cointegration between two time series.

Assume that z; and y; are non-stationary time series and both are integrated of
order one. The first step of the testing procedure is to estimate the long-run equilibrium
relationship in terms of ordinary least squares (OLS) regression:

Yt = Qo + Q1T + Uy,

where «; is the coefficient of cointegration and w; is an error term. Note that the OLS
regression estimation results are reliable only when both time series are cointegrated.
In this case, the OLS estimator of «; is considered super-consistent, meaning that
it converges to the true parameter much faster than in the standard case with 1(0)
variables. If no cointegration is present, this technique leads to the problem of spurious
regression and can produce misleading results. The estimated cointegrating regression
yields the residual series 1; = y; — &g — Qq24.

In the second step of the testing procedure, a unit root test is applied to the residuals
Uy to determine whether they are stationary or not. For this purpose, an ADF test is

17



usually performed on the following model:
p—1
Aty = P iy + Z Vi Aty + €
j=1

where ¢; is assumed to be white noise, with univariate unit root test
Hy:¢*=1and H; : =1 <¢* < 1.

If the null hypothesis of non-stationarity of the residuals 4, can be rejected, then they
can be considered stationary, which in turn means that the investigated time series x;
and y; are cointegrated.

Given the potential limitations of the Engle-Granger test, particularly when dealing
with more complex scenarios involving more than two time series and multiple coin-
tegration relationships, researchers often turn to panel cointegration tests such as the

Kao panel cointegration test. Assuming a panel data model:
yi,t:ai—i_ﬁxi,t—i_‘gi,t; Zzl,,N, tzl,,T

Kao (1999) proposed a panel cointegration test generalized from the Augmented Dickey-
Fuller test, and the test model is as follows:

p
Eit = PEit—1 — Z OAE; 1 + Uiy
j=1
Based on the Engle-Granger two-step method, if Hy : p = 1 can be rejected, there is a
long-term relationship between the variables.
Currently, the Kao test is the most widely used panel cointegration test (Lin and
Xu, 2018). Many investigated papers used the Kao test to examine whether there is a

cointegration relationship between the variables in their studies.

3.1.3 Granger Causality

If the results of the cointegration test show that two time series are cointegrated, the
Granger causality analysis (Granger, 1980) could be applied to investigate the causal
relationship between these variables. Granger causality is based on linear regression
and its time series must be stationary, otherwise, spurious regression problems may
occur (He and Maekawa, 2001).

Granger causality test is a method used to test whether one variable X is the cause
of a change in another variable. If variable X helps predict variable Y, the relationship

is defined as Granger causality. This test can only be applied to the test of a time series
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data model with stationarity. The procedure for testing whether X is the Granger cause
of a change in Y is as follows:

Let Y; and X, be stationary time series. To test the null hypothesis that X; does not
Granger-cause Yy, first, find the appropriate lagged values Y;_; to include in a univariate
autoregression of Y:

p
Y, =ap+ Z a;Y;_; + ¢ (restricted regression)
i=1

Next, the autoregression is augmented by including lagged values of X:
p q
Y, = ap+ Z oY + Z BiXi—i + € (unrestricted regression)
i=1 i=1

where «q denotes the constant term, p and ¢ are the longest lag length of the variables
Y; and X4, respectively, which can usually be assumed to be somewhat larger, and ¢, is
the white noise. The residual sum of squares of the two regression models, RSSy and
RS'S,, were then used to construct the F-statistic:

RSS,—RSSy
F=—pge— ~Flgn-p-—q-1)
n—p—q—1
where n is the sample size. If ' > F,(¢,n —p—q—1), then f,..., 3, are significantly
different from zero, and the null hypothesis that X; does not Granger-cause Y; must be
rejected. Otherwise, the null hypothesis is accepted if and only if no lagged values of
X are retained in the regression.

Dumitrescu and Hurlin panel causality test is an extension of the Granger causality
test that adapted for the context of panel data. The test accounts for cross-sectional
independence and is applicable to large panel data situations (both N and T are large).
The following model detects the causality in panel data:

J J
Yii=o; + Z )\;‘]Y;,t—J + Z 5{]Xi,t—J + €iy
j=1 Jj=1
where X;,_; and Y;;_; denote the observations of two stationary variables for the indi-
vidual i in period ¢. j shows the lag length, \/ represents the autoregressive parameter,
while 3/ is the regression coefficient that varies within the groups. It is assumed that
the lag order J is the same for all individuals in a balanced panel. This test is a
fixed type of test that yields a fixed coefficient model. It allows for heterogeneity and

maintains a normal distribution.
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The null hypothesis of no causal relationship and the alternative hypothesis for
testing a causal relationship are as follows:
Hy:8,=0,Vi=1,...,N
H :3,=0,Vi=1,..., Ny;
Bi #0,Vi=N +1, Ny +2,...,N
where N, is unknown but satisfies the condition 0 < N;/N < 1. The ratio N;/N is
necessarily less than one since, if N; = N, there is no causality for any of the individuals
in the panel, which is equivalent to the null hypothesis. Conversely, when N; = 0, there
is causality for all the individuals in the panel. (Dumitrescu and Hurlin, 2012)
In general, the Granger causality is widely used to confirm the effect of each variable
on the others, effectively exposing whether a uni-directional or bi-directional relation-
ship exists among the variables in the studies.

3.1.4 Application in Selected Studies

The study conducted by Xu et al. (2022) analyzed the nonlinear effects of financial
development (FD), renewable energy (REC), and human capital (HC) on CO, emissions
across G7 countries, which include Canada, France, Germany, Italy, Japan, the United
Kingdom, and the United States. The researchers initiated the study by examining the
stationarity of all the variables using unit root tests.

Variables Test Canada France Germany Italy Japan UK USA

CO2  ADF 1(0) 1(1) 1(0) 1)  10) 10)  10)
PP 1(0) 1(1) 1(0) 1)  10) 10) 10
FD  ADF L) (1) 1(1) ) 1) 1) X1
PP (1) (1) (1) ) 1) 1) 1)
REC ADF  I(0) (1) (1) ) 1) 1) X1
PP 1(0) (1) (1) 1) 1) 1) 1)
HC  ADF  I(0) (1) 1(0) 10) K1) 10) K1)
PP 1(0) (1) 1(0) 10) K1) 10) K1)

Table 2: ADF and PP unit root test for time series data (Xu et al., 2022)

Note: ADF and PP represent Augmented Dickey-Fuller, Phillips, and Perron. FD: Financial
Development, REC: Renewable Energy, HC: Human Capital.

Table 2 demonstrates that CO,, FD, REC, and HC are stationary at either level
1(0) or the first difference I(1), and the results from the ADF and PP unit root tests are
consistent with each other. I(0) means the variable is stationary at its original level,

whereas (1) means it is stationary at the first difference level.
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Similarly, Table 3 shows the results of the second-generation (CIPS and CADF) unit
root test. CIPS and CADF represent Cross-sectional Augmented Im-Pesaran-Shin and
Cross-sectional Augmented Dicky-fuller Statistic.

Variables Level First difference Order  Level First difference ~ Order
CO2 -2.343%** 1(0) -2.343%** . 1(0)
FD -3.078%* - 1(0) -2.987 -2.342%** I(1)
REC -2.654%* - 1(0) -2.346* - 1(0)
HC -2.876%** - 1(0) -2.098%** - 1(0)

Table 3: CIPS and CADF unit root test for panel data (Xu et al., 2022)

Note: FD: Financial Development, REC: Renewable Energy, HC: Human Capital. Moreover,
*kx F*F and * indicate the level of significance at 1%, 5%, and 10%.

It can be observed from Table 3 that variables CO,, REC, and HC have significant
CADF and CIPS test statistics at the original level, indicating that these variables are
stationary without any differencing. Consider the variable "FD”_ in the CIPS test, it
has a t-value of -3.078 at the original level, which is significant at the 5% significance
level, indicating that the "FD” data is stationary at its original level, hence it is [(0).
However, in the CADF test, "FD” has a t-value of -2.987 at the original level, which is
not significant, but its t-value at the first difference level is -2.342, which is significant
at the 1% significance level, suggesting that the "FD” data becomes stationary after
first differencing, hence it is I(1). Results confirm that all the variables are stationary
at the level and the first difference. This is a desirable property for further analysis.

To confirm the long-run relationship among COy emission, FD, REC, and HC, this
study employs the bound test with the optimal lag order. The basic idea behind
the bound test is to test the joint significance of the lagged levels’ coefficients in an
unrestricted equilibrium correction model, when the calculated F-statistic is above the
upper bound value, the null hypothesis of no cointegration can be rejected, indicating
the presence of a long-run relationship between the variables. The results are displayed
in Table 4,

Table 4 reveals the existence of the long-run relationship between COs emissions, FD,
REC, and HC, as all G7 countries reject the null hypothesis of no long-run cointegration
at 1%. For example, for Canada, the F-statistics value is 3.39, which is significant
at 1%, suggesting that the cointegration exists. The F-statistics value is above the
I(0) bound at all significance levels and also above the I(1) bound at the 10% level,
providing evidence of cointegration. The last column shows the chosen ARDL model

for each country and the numbers in parentheses represent the lag order selected for
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Countries F-Statistics Outcome Model Selection

Canada 3.39%** Co-integration ARDL(1,1,0,0,0,1,0)
France 9.32%** Co-integration ARDL(1,3,3,3,1,3,2)
Germany 3.31%** Co-integration ARDL(7, 2, 2, 2, 2, 2, 2)
Italy 16.64*** Co-integration ARDL(1,3,2,2,2,3,3)
Japan 25.14%** Co-integration ARDL(3,3,3,2,3,3,0)
UK 6.99%** Co-integration ARDL(2,2,2,1,1,1,1)
USA 7.86%** Co-integration ARDL(2,3,2,3,1,0,2)

Critical values (k = 6)

Sig 10 Bound I1 Bound
10% 2.12 3.23
5% 2.45 3.61
2.50% 2.75 3.99
1% 3.15 4.43

Table 4: Bound test for asymmetric cointegration (Xu et al., 2022)

the variables in the model.

The Dumitrescu-Hurlin Granger causality test is employed as the final test before
regression analysis to estimate the panel causality effect between COs, FD, REC, and
HC. The estimated results are presented in Table 5.

Null Hypothesis: W-Stat. Zbar-Stat. P-value
CO2 - FD 3.600 1.628 0.1034
FD - CO2 4.031* 2.115 0.0344
CO2 - RE 2.719 0.632 0.5273
RE — CO2 4.277* 2.393 0.0167
CO2 - HC 1.817 —0.387 0.6987
HC - CO2 6.278%** 4.656 0.0000

Table 5: Dumitrescu-Hurlin (D-H) panel causality test (Xu et al., 2022)

Note: — represent unidirectional causality; FD: Financial Development, REC: Renewable
Energy, HC: Human Capital.

Table 5 presents diverse findings from the causality tests. In the case of financial de-
velopment and CO», a unidirectional causal relation running from financial development
to CO4 emission is observed. This reveals that a change in financial development sig-
nificantly affects CO, emission levels in G7 countries. Similarly, a unidirectional causal
relationship exists from renewable energy to COs, revealing the impact of renewable
energy on COs.
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3.2 Regression Analysis

After determining the characteristics of the data through a series of time series tests,
the regression model can be implemented. Several modelling approaches are used to
specify the functional form of the relationship between variables. Panel data models are
commonly employed due to their ability to control for both individual-specific and time-
specific effects. Various techniques exist that are suitable for different research scenarios.
In this section, the application of the Two-Way Fixed Effect model, Difference-in-
differences model, and the Panel Quantile Regression model in the context of COq

emissions studies is explored.

3.2.1 Two-Way Fixed-Effect Model

In panel data analysis, we often observe data for multiple individuals or entities over
several time periods. In order to consider both the time period fixed effect and the
individual fixed effect, a Two-Way Fixed Effect Model (2FE) was constructed based
on the general panel data model. Two-way fixed effects refer to a statistical modelling
technique that incorporates fixed effects for both the individual (cross-sectional) units
and the time periods.

Suppose we have a panel data set of N individuals and 7" time periods. Let X,
and Y;; represent the variables for individual ¢ at time ¢, respectively. We consider the
following two-way linear fixed effects regression model,

Yie=o; +v+ BXi +eir

fore=1,2,...,N and t = 1,2,...,T where «; represents the individual fixed effects
and ~; represents the time fixed effects (Imai and kim, 2020).

Including individual fixed effects «a; allows researchers to control for unobserved
individual-level heterogeneity that remains constant over time. Similarly, the inclusion
of time fixed effects 7; helps capture time-specific factors that affect all individuals
equally, such as macroeconomic shocks or policy changes.

By incorporating both individual and time-fixed effects, the two-way fixed effects
model provides a robust approach to mitigate omitted variable bias and account for
unobserved heterogeneity in panel data analysis. It allows researchers to analyze the
effects of variables of interest while controlling for individual and time-specific factors

that may confound the relationship.
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3.2.1.1 Application in Selected Studies

Specifically, Chen et al. (2022) investigates the impact of artificial intelligence on
carbon emissions using the two-way fixed effects model. The specific regression equation
is constructed as follows:

CEiy = a+ BAL + AXi +ui + 7 + €y

where CE;; denotes the carbon emission intensity (represents the amount of total COx
emissions per unit of GDP) of city ¢ in year ¢; Al ; measures the artificial intelligence
(AI) development level; X, is a set of control variables including fixed asset investment,
financial development level, urbanization ratio, and government intervention; u; and ;
denote the area fixed effect and time fixed effect; €, is the error term. The coefficient
[ represents the net effect of the level of AI development on carbon emissions. A
significant negative 3 indicates a reduction in carbon emissions due to improved Al
development. The results of the two-way fixed effects model are shown in Table 6.

Variables @ @
InETR —0.2720 *** —0.2389 ***
(0.0306) (0.0336)
fin 0.0852 **
(0.0373)
invest 0.0937
(0.0708)
urban —0.9216 ***
(0.0804)
expenditure 2.0483 ***
(0.3446)
Constant 0.6761 *** 0.5837 ***
(0.0739) (0.1004)
Observations 1890 1614
RAdJ“Sted 0.6586 0.6815
-squared
F statistics 79.20 43.35
Year FE YES YES
Province FE YES YES

Table 6: Results of two-way fixed effects model in China (Chen et al., 2022)

Note: In ETR: Exposure to robot, fin: Financial development, invest: Fixed asset investment,
urban: Urbanization Ratio, expenditure: government intervention.

Column (1) displays the regression results with the level of AI development as the
single explanatory variable, whereas column (2) displays the results of regression with
the incorporation of control variables. As observed in Table 6, each 1% improvement
in Al development results in a 0.0027% decrease in carbon emissions. The estimated
coefficients become smaller when control variables are included but remain significant.
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This demonstrates that the development of artificial intelligence has a significant effect

on reducing carbon emissions.

3.2.2 Difference-in-Differences Model

The Difference-in-Differences (DID) method is one of the most popular methods in the
social sciences for estimating causal effects in non-experimental settings (Roth et al.,
2022), as it allows for the control of pre-existing differences in the objects of study.
DID estimates the causal effect of an intervention by comparing the average change
over time in the outcome variable for the treatment group with the average change for
the control group. This helps in isolating factors that might influence the empirical
results.

Assume that there are i € {1,...,n} individuals, and ¢t € {1,...,T} time periods.
We aim to evaluate the impact of a treatment on an outcome Y;; over a population
of individuals. Two groups are indexed by treatment status 0 and 1, where Y;,(0)
indicates individuals who do not receive treatment, i.e., the control group, and Y;(1)
indicates individuals who do receive treatment, i.e., the treatment group.

The key assumption is that the treatment is independent of time ¢, observed covari-
ates U;, and the identity of the observation X;;. Assume that time and linear effects
are constant:

EY;:(0)|Ui, X4, t] = Bo + Uly + X;tﬁ.

Then assume that the causal effect is constant and has a linear functional form:
E[}/:L,t(]-) |U’57 Xi,t7 t] = E[Y;,t(ONUZa Xi,t7 t] + 7.

This implies: E[Y;|Us, Xy, t, D] = aii + 6 + 7Dy + Ujy + X[ 8. (Lechner, 2010)
A typical DID estimator is based on a regression model with fixed effect terms for
individual (e.g., city) and year:

Yie = a;+ 0 + 7Dy + X| B + €y,

where D;; is a dummy variable for whether the individuals received the treatment in
year t, a; is the city-related fixed effect, which controls all the city-related factors that
do not change with time, and d; is the time-related fixed effect, which controls all the
time-related factors that do not change with city changes. This research focuses on
the positive and negative direction of coefficient 7 and its significance. If the estimated

value 7 is different from zero, it suggests that the treatment’s effect is significant.
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3.2.2.1 Application in Selected Studies

The standard DID model requires individuals to be impacted by the treatment at
the same point in time. However, this is not always the case, such as with the phased
implementation of the Low-carbon city pilot policy in 2010, 2012, and 2017. In this
case, a time-varying DID model is more applicable.

In some investigated studies exploring the impact of policies on COy (Wen and Liu,
2022; Liu et al., 2022), the time-varying DID model analysis are employed to compare
the differences in carbon emissions between pilot and non-pilot cities before and after
policy implementation. This requires that the parallel trend assumption is met — that is,
carbon emissions in the treatment and control groups follow a similar trend before the
start of the Policy. In other words, if the low-carbon city pilot policy is not implemented,
the variation trend of carbon emission in pilot cities and non-pilot cities should be the
same. Consequently, parallel trend test and dynamic effect analysis are required to be

performed, namely:

min{¢,0}
Yie = Po+ Z /Bi,tD§7t + 1 x Control;y + 0; + iy + €4

l=t—p

in which Dit is the dummy variable. Provided that the year when city ¢ became a
low-carbon city pilot is p, then set [ =t —p. When [ is negative, if the studied year ¢ is
smaller than the year when the policy is implemented, then we set Dit = 1; otherwise,
we set Dﬁ’t = 0. When [ is non-negative, if ¢ is larger than the year when the policy is
implemented, then we set D!, = 1; otherwise, we set D!, = 0.

In the study from Liu et al. (2022), considering China’s low-carbon city pilot was
launched in 2010, and the sample data for this study were selected from 2006 to 2017,
covering the four years before and seven years after the implementation, therefore the
parallel trend test would be:

7
Yie = Bo+ Z ﬁitDﬁt + 1 x Control; ¢ + 0; + pu + €4
I——4

The estimated coefficient (;; indicates the differences in carbon emissions between the
experimental group and the control group in the year after the implementation of the
policy. If the trend of (;; is relatively flat while [ is negative, it is proven that the
parallel trend hypothesis is true. On the contrary, it indicates that the two groups
have significant differences before the implementation of the policy and the parallel
trend hypothesis is false. Figure 1 shows the estimation results of 3;; under the 95%

confidence intervals for the indexes of carbon emissions.
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Figure 1: Dynamic effect of low-carbon city pilot policy on carbon emissions in China
(Liu et al., 2022)

By was not significant in the first four years after the implementation of the emis-
sion trading policy. In other words, before the pilot implementation, there was little
difference between the treatment group and the control group, so the hypothesis of the
parallel trend was established. Besides, (5;; showed a decreasing trend year by year, and
the carbon emission decreased significantly from the fifth year. This shows that the
effect of the low-carbon city pilot policy needs time to accumulate.

The main reason is probably that enterprises mainly improve environmental efficiency
by new technology development and industrial structure adjustment, which need a large
investment and a long time to complete. Therefore, there is a lag in the policy effect
of the emission trading system.

The parallel trends assumption cannot be directly tested for the period after the
treatment is implemented, as we do not observe the counterfactual outcome for the
treated group. Therefore, we can only test it for the pre-treatment period and assume
that it holds for the post-treatment period as well. This method helps mitigate potential
biases in the estimated treatment effect that could be due to permanent differences
between those who receive the intervention and those who do not, or due to trends over
time.

Overall, time-varying DID provides a flexible framework for estimating causal effects
that can vary over time, allowing researchers to capture the dynamic nature of treatment
effects in observational studies.
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3.2.3 Panel Quantile Regression Model

The data of investigated variables are probably characterized by high kurtosis, thick
tails, and heteroscedasticity, therefore, it is worth analyzing the entire data distribution
instead of just the mean level. This is more informative because the way in which factors
affect CO4 could be different in high-pollution and low-pollution economies.

Panel Qantile Regression models (PQR) allow the researchers to account for un-
observed heterogeneity and heterogeneous covariates effects, while the availability of
panel data potentially allows the researcher to include fixed effects to control for some
unobserved covariates (Canay, 2011). A simplified panel quantile regression model can
be formulated as follows:

}/;t:XiteT_l_Eita izl,...,N, t:]_,,T

where 6, are the k& x 1 regression coefficients at the 7-th quantile of the dependent

variable:
P(Yy < Xul: + €| X)) =7

In contrast to OLS, which is based on minimizing the sum of squared residuals, the
7-th quantile regression estimator of # minimizes a weighted sum of absolute errors:

min STV = Xabo |+ > (1= 7)|Yi — Xub|

(Yit>Xit0r) (Yie <Xi07)

The weighting scheme with 7 and 1 — 7 is based on the Check Loss Function, which
is designed to penalize deviations of predictions from the true values. Loss function
is integral to the calculation of quantile regression estimator, it provides a mechanism
to apply different weights to the residuals. These weights signify that underestimation
(Y > Xu0,), for the given quantile 7, are given 7 times as weight in the overall loss
function. In the symmetric case of absolute value loss, it is well known to yield the
median. When the loss is linear and asymmetric, we prefer a point estimate more likely
to leave us on the flatter of the two branches of marginal loss (Koenker and Machado,
1999). Hence, for higher quantiles (larger 7), the underestimations are given more
weight. Compared to OLS regression, quantile regression minimizes the 7-weighted
sum of absolute residuals, thus providing a more robust estimation in the presence of
outliers.

In addition, quantile regression is less restrictive than the OLS approach as it al-
lows the slope coefficient to vary across the quantiles of the dependent variable. This

makes PQR particularly useful when dealing with heterogeneous effects or when the
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distribution of the dependent variable is skewed or contains outliers.

3.2.3.1 Application in Selected Studies

The investigated studies (Cheng et al., 2021; Jeon, 2022; Keho, 2020) utilize panel
quantile regression to estimate their models, as this method offers a systematic strategy
for examining how the driven factors influence COs emissions in countries across the

entire conditional distribution of CO5 emissions. For instance, Keho (2020) has modeled
in his study:

Q(CO2t|Q%) = 0o + 61 Eip + O2yir + 933/1-2,5 + 04Ind;y + 05 Fy + 06T + 07Uy + €t

where Q(COaq;|Q;) is the conditional quantile of COy emissions and ; contains the
available information known at time ¢ for country ¢. As for the independent variables:
E is per capita energy consumption, y indicates per capita real GDP, y? is the square of
per capita real GDP, Ind is an industrial value added as a share of GDP, F' is financial

development indicator, T is trade openness, and U is urbanization rate. Figure 2 shows
Part of the results.
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Figure 2: The parameter estimates of quantile and OLS regressions and their confidence
intervals across 45 countries (Keho, 2020)

Note: The x-axis represents the conditional quantile of CO5 emissions. The horizontal dashed
line represents the OLS estimates. The two dotted lines depict the 95 percent confidence
intervals for the OLS estimates. The solid line represents the quantile regression estimates;

and the shaded grey area plots the 95 percent confidence band for the quantile regression
estimates.

The regression results suggest some important differences across different quantiles
in the conditional distribution of CO5 emissions. The impact of the industrial sector is
positive and larger at the top tail of the distribution, suggesting that industrialization
increases pollution, especially in countries with higher pollution levels. Financial deep-
ening, measured as bank credit to the private sector, contributes to increase CO,, and
its impact is larger in countries with lower CO, emissions.
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With respect to trade openness, the effect is negative and shows a U-shaped relation
with quantiles, suggesting that openness to trade reduces CO, with a larger reducing
effect in countries in the middle part of the pollution distribution. The impact of trade
is not significant at the top tail of the emission distribution (i.e., 0.80 quantile and
higher), this suggests that in regions with high level of COs, the trade openness has no
significant impact on CO, emissions.

3.3 Specific Framework - STIRPAT

After exploring various regression models used for investigating the determinants of
CO4 emissions, one might wonder how to select the most relevant factors in the mod-
els that precisely reflect the complexities of carbon emissions. To address this issue,
STIRPAT (Stochastic Impacts by Regression on Population, Affluence, and Technol-
ogy) model has been widely employed as a theoretical framework for examining the
potential determinants of COy emissions.

The IPAT model considers environmental impacts resulting from three drivers: popu-
lation, affluence, and technology. The IPAT model could be expressed as [ = Px AX T,
where I denotes the human impact on the environment, P stands for population size,
A represents average affluence, and 7' is technological level. Taking COy emissions as
an example, the equation will be:

GDP CE

CE:POPXPOPXGDP

where C'E stands for the total COy emissions level, denoted as CE; P represents the
population, denoted as POP; A stands for GDP per capita, denoted as GDP/POP; and
T is carbon intensity which is calculated by COs emissions per unit of GDP, denoted
as CE/GDP. The IPAT framework was subsequently improved by way of the InPACT
model, which decomposes CO, emissions per unit of GDP (7) into energy consumption
per unit of GDP (C) and CO, emissions per unit of consumption (7") (Su et al., 2020).

However, the InPACT and IPAT models remain extremely limited in their appli-
cation because they do not allow the influencing factors to change non-monotonically
and non-proportionally. For example, the ” Environmental Kuznets Hypothesis” points
out that the link between environmental quality and per capita income is not a lin-
ear, monotonous relationship, but rather in the form of an inverted U-shaped curve
(Grossman and Krueger, 1995). For addressing this issue, Dietz and Wa (1994) de-
veloped the TPAT identity into a stochastic form to create the STIRPAT model. This

stochastic model has been popularly applied to examine the influence of driving forces
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on environmental changes. The STIRPAT model can be written as:
Li=a-PlAg T, Q

where a denotes the model’s constant coefficient; b, ¢, and d stand for the estimated
parameters, and e stands for the error term; when the values of a, b, ¢, d, e are all equal
to 1, the STIRPAT model will change to the IPAT identity. After taking logarithm,
Eq.(3) can be transformed into:

In(f;) = In(a) + bIn(F;) + In(A;) + In(7;) + In(e;)
Overall, TPAT/STIRPAT is a coordinated research program dedicated to under-

standing the dynamic coupling between human systems and the ecosystems on which
they depend. The STIRPAT model not only allows each coefficient as a parameter to
estimate, but also allows the proper decomposition of each factor, which means new
influencing factors can be added to the STIRPAT model framework according to the
characteristics of each study.

3.3.1 Application in Selected Studies

Wu et al. (2021) extended the STIRPAT theoretical model to meet the design require-
ments regarding previous literature. The first extension was made in acknowledgement
that CO, emissions are affected by fossil energy efficiency. Fossil energy intensity (FEI)
is an expression of efficiency that was thus considered in their model.

Secondly, renewable energy consumption share (RES) in the energy mix is consid-
ered, as increases in the renewable energy consumption share can decrease the direct
use of fossil energy, thus decreasing COs emissions. Third, the model also extends to
include fossil fuel CO;y intensity (FCI), which denotes the carbon content of the fos-
sil fuel mix. Fourthly, the industrial structure (IS), expressed by the share of value
added of industry (including construction) of GDP, was also included, as a decrease in
the proportion of secondary industries signals the gradual replacement of high-energy-
consuming industries by low-carbon industries and thus a gradual reduction in carbon
emissions. In addition, this study also introduced a time trend variable (TT), which
can explain exogenous changes in CO, emissions that are not explained by other inde-
pendent variables.

Finally, since CO, emissions have path-dependent inertial characteristics and are
subject to continuous dynamic adjustment, the emissions may experience lagged effects,
making the introduction of a dynamic model lagged term (C'Ej;_1) necessary. Taking

all of this into account, the study proposes the following dynamic panel data model:
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IH(CE”) = IH(CEit_l) + Bl ID(POBt) + Bg IH(GDPPCH) + BgFE]n
+ BaRE Sy + B51Si 4 s In(FCLyy) +TTy + pis + &5

where C'Ej; represents the total CO, emissions of country ¢ in year ¢, where ¢ denotes the
country and t is the year; C'E;;_; denotes the lagged term of C'E;; (the CO4 emissions
of the following year after C'Ey;); POP stands for the population; GDPPC'is GDP per
capita; F'ET represents fossil energy intensity (final energy consumption / GDP); RES
stands for the share of renewable energy use (renewable energy consumption / total final
energy); IS represents the industrial structure (the value added by industry, including
construction, within GDP); F'CT represents fossil CO, intensity (COy / fossil energy
consumption); T'T stands for time trend variable; ;-5 are estimated parameters; y; is
unobservable individual effect; and ¢; is a random disturbance term.

This extended STIRPAT model provides a comprehensive framework to dissect the
intricate relationship between COs emissions and a range of economic, energy, and
structural factors. The inclusion of variables such as fossil energy intensity, renewable
energy consumption share, industrial structure, and lagged variables, adds refinement
and specificity to the understanding of CO5 emissions.

Generally, emissions were dissected into several contributing factors using an ex-
tended STIRPAT model. This model allowed for an estimation of their effects on COs
emissions from both historical and prospective perspectives. Following this, various

estimation methods could then be used to determine the parameters in the model.
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4 Other Estimation Methods

4.1 Feasible Generalized Least Squares

Ordinary least squares is a technique for estimating unknown parameters in a linear
regression model. OLS yields the maximum likelihood in a vector 3, assuming the

parameters have equal variance and are uncorrelated, in a noise € homoscedastic:
y=XB+e, &~ N(0,0%I)

where the response values are placed in a vector y = (y1,...,9,)", and the predictor
values are placed in the design matrix X = (z1,...,2,)", where 7; = (1, s, ..., Ti)
is a vector of the ith individual at time ¢ (including a constant), and the error term
e=(e1,...,en)".

Generalized least squares (GLS) proposed by Aitken (1935) allows this approach to
be generalized to give the maximum likelihood estimate § when the model assumes
the conditional variance of the error term given X is a known nonsingular covariance

matrix €2:

Ele|X] =0, Cov[e|X]=9Q, Cov(ee')=0cQ

Typically, this leads to the treatment that presents as follows:
y=XpB+n, n~N0Q)

In an ideal situation, if we precisely know the form of the covariance matrix of the error
term, we can employ the GLS method to attain more efficient and unbiased estimation
results (Baltagi, 2008).

w1 Wiz -+ Wip

Q:

Wp1 Wp2 - Wpp

Since (2 is a real symmetric matrix, it can be decomposed as Q = DDT. By left
multiplying both sides of y = X3 +n by D!, we have:
D™y = D' XB+ D',
Cov(n*n*") = E(n*ny*") = E(D~ 'y D~ T)
=D 'Em")D™T =D 0*QD" " =0?D'DD"DT = o]

where Y*, X* and n* are the transformed vectors. Therefore, the least squares method
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can be used to obtain the estimator:
B=(XTX) T X TY = (XD TD'X) T XD Dy = (XTQX) T XTQ Yy

GLS is equivalent to applying OLS to a linearly transformed data version. The GLS

estimator is unbiased, consistent, efficient, and asymptotically normal with E [B|X =5
1

and Cov[3|X] = (XTo'x) .

However, in practical applications, we often do not know the exact form of the
covariance matrix of the error term. One can obtain a consistent estimate of {2, denoted
as 0, using an implementable version of GLS known as the Feasible Generalized Least
Squares (FGLS) estimator.

FGLS is a two-step process. First, it uses OLS or other methods to preliminarily
estimate the covariance structure of the error term 4; = (y — X BO Ls);. For simplicity,
consider the model for heteroscedastic and not-autocorrelated errors. Assume that the
variance-covariance matrix €2 of the error vector is diagonal, or equivalently that errors
from distinct observations are uncorrelated. Then each diagonal entry may be estimated
by the fitted residuals 4, so Qors may be constructed by Qorg = diag(62,63,...,62).
Then, estimate BFGLS using QOLS:

~ ~ -1 ~
Brcrs = (XT <Q5is> X) X' <Q51LS> Y,

. . -1
along with its covariance matrix YXpgrs = 0%arg (X T (Q(_)1L5> X ) , where

. . . -1
y' {Q(_)lLS — QopsX (XTQ(_)lLSX) XTQ51LS] Y
~9 .
OrGLS = T—p

This process can be iterated. The first iteration is given by
a%GLSl =Y — XfrcLst,

A . A2 A2 ~2
Qrgrs1 = dlag(UFGLSI,D OFGLS1,25 -+ - 7UFGLSI,n)’
~ A -1 A
Brarsz = (XT (Q;%:Lm) X) X' (QEéLm) Y
This estimation can be iterated to convergence. (Greene, 2003)
In summary, FGLS is an extension or a practical improvement of the GLS method.
It allows us to employ the GLS method for more efficient parameter estimation in

the absence of precise knowledge about the covariance structure of the error term.

However, the FGLS estimator is not always consistent. One case in which FGLS might
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be inconsistent is if there are individual specific fixed effects (Hansen, 2007). This
is because the FGLS method attempts to transform the model based on an estimated
covariance matrix of the errors such that the transformed errors become uncorrelated. If
the errors are not independent and their correlation structure is unknown, the estimate
of the error covariance matrix used to perform this transformation may be incorrect,
leading to an inappropriate transformation and subsequently to biased and inefficient
estimates.

In such cases, it is recommended to use Weighted Least Squares (WLS). WLS is a
variant of OLS that weights the observations differently based on the heteroscedasticity
of the errors. Observations with a higher variance have less weight than observations
with a smaller variance (Fahrmeir et al., 2013). The basic idea is that observations with
larger variances are considered less reliable. WLS directly accounts for heteroscedastic-
ity in the model, this can make it a more robust method in certain circumstances, such
as when the errors are heteroscedastic and the fixed effects are present.

4.1.1 Application in Selected Papers

Azimi and Bian (2023) examined the nexus between carbon neutral policies and COqy
emissions using the FGLS. They took a comprehensive approach in assessing the carbon
neutral policy, examining it from both source control and sink increase perspectives.
Source control refers to the process of managing and limiting the production of carbon
dioxide at its origin. Sink increase, on the other hand, pertains to the enhancement
and expansion of carbon sinks, which are systems that absorb and store carbon dioxide

from the atmosphere. The analytical model is as follows:

In (COQZt) = Qo+ o In (R&th) + Qo In (GREEN“) —+ a3 In (EElt> + gy In (REPG”)
+ a5 In (GDPy) + agIn (GDP;,) + ar In (URBy) + &5

where the subscript it refers to the region ¢ and the year ¢. Variable definitions:

COy : Per capita CO4 emissions
R&D : CCUS (carbon capture, utilisation, and storage) development measured by
R&D (Research and development) investment per unit of GDP
GREEN : Green space development measured by the green-covered area in cities
EE : Energy efficiency measured by industrial output value per unit of energy

consumption
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REPG : Renewable energy power generation rate measured by the percentage
of power generation from renewable sources
GDP : Gross domestic product per capita
URB : Percentage of urban population from the total population

The carbon neutrality policy includes R&D and GREEN as a sink increase per-
spective and EE and REPG as a source control perspective. Each of these variables
represents dynamic processes that can change over time, leading to potential auto-
correlation and heteroscedasticity. FGLS used to address these issues by estimating a
feasible version of the variance-covariance matrix of the errors. To explore the long-term
relationships among the variables, the authors ran the FGLS estimators. Applying the
FGLS estimator .

Bravs = (X ’ (%is) X ) X" (%is) y
Where: y = (InCO»,}})
X = (1,InR&Dj, In GREENy,, In EE;;, In REPG;, In GDP;;, In GDPZ, In URBy,)
@ = (010, aq, 09, X3, g, (5, (g, Oé7)
Qors: Estimated covariance matrix obtained from the OLS residuals.

The result BFGLS is the FGLS estimate of the parameters 3. The estimation results

are shown in Table 7.

Variable FGLS
Coefficient p-value Wald chi?

In R&D 0.527*** (0.111) 0.000 940.190
In GREEN —0.779 (0.498) 0.118

In EE —0.400*** (0.134) 0.003

In REPG —0.461*** (0.018) 0.000

In GDP 3.795%* (2.257) 0.093

In GDP? -0.175 (0.109) 0.109

In URB 2.090*** (0.409) 0.000

Number of observations 360
Number of groups 30

Table 7: Estimation results using FGLS in China (Azimi and Bian, 2023)
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Note: R&D: Research and development investment per unit of GDP, GREEN : Green-covered
area in cities, FE: Industrial output value per unit of energy consumption, REPG: Percentage
of power generation from renewable sources, GDP: GDP per capita, GDP?: Square of GDP
per capita, URB: Percentage of urban population from the total population

The FGLS results imply that for each 1% increase in green space development, energy
efficiency, and renewable energy power generation, there corresponds to a respective
decrease in per capita COg emissions by 0.779%, 0.400%, and 0.461%. Conversely,
investment in research and development per unit of GDP, as well as a rise in the urban
population percentage, are linked to a significant increase in per capita COy emissions.
The positive coefficient on GDP and the negative coefficient on GDP squared suggest
the presence of an Environmental Kuznets Curve. This indicates a turning point of
GDP after which increases in GDP start to reduce CO, emissions, and a reduction
effect exists on COy as GDP continues to grow.

In general, the variables representing carbon neutrality policy significantly contribute
to reducing carbon emissions, with the exceptions being In R&D, GDP, and URB. The
results reveal that an improvement in energy efficiency and renewable energy power
generation decreases the per capita COy emissions from the source control perspective.
From the sink increase perspective, only green space development affects CO5 emissions
reduction; the development of carbon capture, utilization, and storage (R&D) appears

not to have a significant effect.

4.2 Generalized Method of Moments

The Generalized Method of Moments (GMM) is used for estimating statistical model
parameters. It was developed by Lars Peter Hansen and Robert Hodrick (Hansen, 1982)
as an extension of the Method of Moments.

Assume that the population distribution has an unknown mean p and variance equal
to 1. In this case, the moment condition states that F(z;) = p. If {z; :i=1,2,...,n}
is a distribution of independent and identically distributed samples, the sample average
T =1 >, x; is the sample analogue to the population mean E(z;). By using this

n
analogy principle, the method of moments (MM) estimator for E(x;) = p is simply
given by £ = 13"z = [,

Basically, it is to calculate the first moment, then replace it with the sample analogue
and solve the equation for the unknown parameter. The case we consider is simply that
the number of moment conditions ¢ is equal to the number of unknown parameters p.
Assuming functionally independent moment equations, the resulting system of equa-

tions provided by the moment conditions can be solved to obtain the MM estimator.

37



If ¢ < p, there is insufficient information, and the model is not identified. In the case
of p < ¢, the model is overidentified, and in most cases, it is not possible to solve the
system of equations. However, estimation can still proceed in this situation with GMM
(Hansen, 1982).

Suppose there is an observed sample {x; : ¢ = 1,2,..., T} from which we want to
estimate an unknown parameter vector § € © C RP with true value 6. Let f(x;,0) be
a continuous and continuously differentiable R? — R? function of 6, and let m(6y) =
E(f(z;,0p)) = 0 be a set of ¢ moment conditions. The basic idea behind GMM is to
replace the theoretical expected value with its empirical analog, the sample average:
m(f) = % th1 f(z;,0p), and then minimize the norm of this expression with respect
to 6:

1 (0) |3 = (8) "W (0)rin(6),
where W is a positive-definite weighting matrix. In practice, the weighting matrix W is
calculated from the available data and will be denoted as W. Then, the GMM estimator
is given by: .
0= arg mingee (% Zthl f (s, 90)) W (% Zthl f (s, 90))

The GMM estimator exploits information from the general form of population mo-
ment conditions. When the number of moment conditions equals the number of un-
known parameters, then GMM and MM are equivalent. When ¢ < p, the GMM
estimator is the value of # closest to solving the sample moment conditions.

The GMM approach is particularly useful when dealing with models that have more
parameters than identifying equations, or when the assumptions of classical estimation
techniques such as ordinary least squares are violated. It provides a flexible frame-
work for estimating parameters by matching sample moments with their population
counterparts.

4.2.1 Application in Selected Papers

To obtain the long-run coefficients, some investigated studies (Wang et al., 2022; Lau
et al., 2023; Khan et al., 2021) use the system-generalized method of moments (SYS-
GMM) type system dynamic panel data estimation proposed by Blundell and Bond
(1998). It is an extension of GMM technique that captures significant autoregressive
parameters and a relatively large ratio of the variance of the panel-level effects to the
variance of idiosyncratic error terms.

Through the system-generalized method of moments method, Wang et al. (2022)
empirically examined the potential carbon-reduction effect of China’s high-quality en-
ergy development (HED). To ensure the accuracy of the regression, several control
variables are incorporated into the model, including energy efficiency (EE), economic
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development (GDP), urbanization (Urb), and trade openness (Tra). Natural logarithm
transformations are applied to the data to mitigate the effects of data fluctuation and
heteroscedasticity. Additionally, due to the potential lagged impact of CO, emissions,
a lagged term for CO, emissions is incorporated into the empirical model. Thus, the

empirical model is represented as follows:

1n<COQit> = + (05} IH(COQ(i,t_1)> -+ (6] ID(HEth) + Q3 1H<EEZt) -+ QY 1Il(UI‘bit)
+ a5 In(Tra;) + ag In(GDPy) + €4 (4)

where a; — ag are the estimated parameters. To improve the dynamic explanatory
ability of the estimation model, this study introduces the lag term of the explained
variable as the explanatory variable of the regression model. However, including a lag
term in the model leads to an endogeneity issue, because the lagged dependent variable
is also correlated with the error term.

To address the endogeneity problem, Arellano and Bond (1991) developed the ”dif-
ferential GMM method (DIF-GMM)”, which employs instrumental variables and the
corresponding moment conditions. Although the DIF-GMM method uses a lag term
to reduce the impact of endogeneity, this method may encounter a serious problem of
weak instrumental variables under limited sample conditions. Based on DIF-GMM,
SYS-GMM combines the estimation of the original level model with the difference con-
version model simultaneously, effectively mitigating the problem of weak instrumen-
tal variables. This robustness makes SYS-GMM particularly suitable for estimating
Eq((4)). This study also lists the results of OLS and FGLS for comparative analysis
to highlight the accuracy and effectiveness of the SYS-GMM technique. The results of
the three estimation methods are shown in Table 8.

The significant coefficient of the lagged dependent variable In (COQ(M_I)) in the
model suggests that past levels of COy emissions have a significant impact on the
current level of emissions, validating the dynamic nature of the model. Unlike OLS
and FGLS, which are static panel data estimators and do not directly address the
lagged nature of variables, SYS-GMM dynamically accommodates such characteristics,
enhancing the model’s reliability. The Sargan test, which checks the validity of overi-
dentifying restrictions in the SYS-GMM, shows a high p-value (0.9443), indicating that

this model passes the test and the instruments used are valid.
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Dependent variable: LnCO,

Variable Estimation
OLS FGLS SYS-GMM
InCOy; +1 0.463***
(15.42)
InHED —0.120%** —0.075%** —0.032%**
(—3.52) (—-4.74) (—2.68)
InEE —1.153*** —1.138*** —0.743*%**
(—40.63) (—100.58) (—26.03)
InGDP 1.078%*** 1.070%*** 0.675***
(69.59) (171.95) (20.54)
InTra 0.030*** 0.022%** —0.129%**
(—2.62) (4.96) (—6.99)
InUrb —0.052 —0.087*** —0.299***
(—0.69) (—3.94) (—4.54)
_Cons —4.57%%* —4,288%** —2.186***
(—11.56) (—33.13) (-9.13)
R-squared 0.9430
AR (1) 0.0122
AR (2) 0.6469
Sargan test 0.9443

Table 8: Results of the impact of HED on CO, in China (Wang et al., 2022)

Note: HED: High-Quality Energy Development, EE: Energy Efficiency, GDP: Economic
Development, Urb: Urbanization, Tra:Trade Openness. The values of t- and z-statistics are
included in parentheses of static and dynamic panel estimation, respectively.

The results of the three estimation methods show that the impacts of the variables on
CO, emissions are basically in line with the researcher’s expectations, with an exception
being trade openness. In this regard, the negative coefficient of trade openness under
the SYS-GMM estimation is in line with the researcher’s expectations, thereby further
illustrating the efficacy of the SYS-GMM.

The key explanatory variable, High-Quality Energy Development, is negative at the
1% significance level. In particular, every 1% increase in the HED can reduce COq
emissions by 0.032%, illustrating the potential of the HED strategy to promote effective
carbon emission reduction in China. In addition, energy efficiency, trade openness, and
urbanization also display a negative relationship with CO,, indicating their potential

to reduce CO4 emissions.
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4.3 Method of Moment Quantile-Regression

The Method Moments Quantile Regression (MMQR) extends the Quantile Regression
Model by considering the conditional moments of the dependent variable. This method
provides a more detailed picture of the distributional effects of the explanatory variables.

The MMQR approach particularly makes it possible to capture the conditional het-
erogeneous covariance effects of the influences of CO, emissions by considering the
individual effects, which affect the whole distribution, rather than just shifting means
as in the other panel quantile regression approaches (Ike et al., 2020). In other words,
this method estimates conditional quantile effects through known location and scale
functions, both of these estimates identified by conditional expectations of appropri-
ately defined variables (Machado and Santos Silva, 2019).

The location-scale model is a class of statistical models that postulates the relation-
ship between the cumulative distribution function of the dependent variable and the
independent variables in terms of location (i.e., mean or median) and scale (i.e., vari-
ance or standard deviation). The estimation of the conditional quantiles Qy (7|X) for

a model of the location-scale variant takes the following form:
Y;t =o; + Xz/t/B + 0'((51 + Z{{Y)Uzt (5)

where a; + X/, represents the location while o(d; + Z/,77) represents the scale. The
probability, P{o(é; + Z/,v) > 0} = 1, (o, ,d,7") are parameters to be estimated.
(v, 0;), i = 1,...,n, capture the individual i fixed effects, and Z; is a k-vector of
identified components of X;; which are differentiable transformations with element [
given by: 7, = Z;(X),l=1,... k.

X, is independently and identically distributed for any fixed ¢ and is independent
across time t. U is an unobserved random variable, which is independently and iden-
tically distributed across individuals ¢« and through time ¢. Uj; is also orthogonal to X,

and normalized to satisfy the moment conditions:
E(Ui) =0, E(|Ud) = 1. (6)

E(Uy) = 0 ensures that Uy does not introduce bias to the overall model predictions.
E(|Ui|) = 1 is related to the normalization of Uy, scaling its magnitude to a standard-
ized unit across the entire dataset. In the case where o(-) is the identity function and
Z = X, Eq. (5) implies that:

Qy (71 Xit) = (i + 0iq(7)) + X3, + Ziva(T)
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where ¢(7) = F;'(7), and thus P(U < ¢(7)) = 7. Qy(7]Xy) indicates the quantile
distribution of the dependent variable Yj; (e.g., natural logarithm of COy emissions)
which is conditional on the location of independent variable X;;. The scalar coefficient
a;(T) = a; + 6;q(7) is indicative of the quantile-7 fixed effect for individual ¢, or the
distributional effect at 7. The individual effect does not denote an intercept shift, unlike
the usual least-squares fixed effects. They are time-invariant parameters whose hetero-
geneous impacts are allowed to differ across the quantiles of the conditional distribution
of the endogenous variable Y.
Consider now the MMQR estimator implied by moment conditions:

E[(|R| - 0o(d+ Z'y))D
E[(|R] —o(0+ Z'y))D
E[I(R<q(t)o(0+2Z'y)) — T

where R =Y — (a+ X'8) = o(6 + Z'v)U, D] = %,YZW), and DY = %J;Z”i)' For

this model, the moment conditions have a convenient triangular structure with respect
to the model parameters that allows the GMM estimator to be calculated sequentially

(Machado and Silva, 2019):
1. Regress (Vi — % > Yi) on (X — %Zt X;i) by least squares to obtain B;
2. Estimate &; = % > (Y — X{tﬁ) and obtain the residuals R;; = Yi; — &; — X{tB;
3. Regress (|Ry| — T |Ry|) on (Zy — 7 >, Zir) by least squares to obtain 4;
4. Estimate ; = = 3, (| Ru| — Z1,3);

5. Estimate ¢(7) by ¢, the solution to ming ) >, pT(Rit — (52 + Z1,7)q), where
pr(A) = (1= 1)I[{A <0} + 71{A > 0} is the check-function.

To summarize, the provided equations and steps outline the estimation process for
the MMQR estimator. Overall, the MMQR estimator offers a framework for investi-
gating the quantile-7 fixed effect and distributional effects of the dependent variable,
given the independent variables’ locations. By considering the moment conditions and
implementing the sequential estimation steps, the model provides insights into the het-
erogeneous impacts across quantiles of the conditional distribution of the endogenous
variable Y.
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4.3.1 Application in Selected Papers

Jeon (2022) examined the linkages between energy-related COy emissions, economic
growth, and renewable energy consumption for the 48 U.S. states over the period 1997
2017 by employing the MMQR with fixed effects. The following dynamic panel model
is suggested:

In COgi = 7o + 71 I COg; 41 + 72 In GDPy; + 43 In GDP3, + 1S RE;,
+ 75 In HDD;; + 76 In CDDy; + 7 In E_.PRICE;,
+ pi t €t

where the subscripts ¢ and t denote the state and time periods, respectively. COsg;
is per capita energy-related COy emissions, COg;;_; is the lagged dependent variable;
GDP denotes per capita real gross domestic product by state; S_RE denotes share
of renewable energy in total energy consumption; HDD denotes heating degree days;
CDD denotes cooling degree days; E_PRICE denotes electricity price; F_PRICE denotes
primary energy price; p; denotes time-invariant state-specific fixed effect; ¢;; denotes
error term.

The MMQR approach particularly makes it possible to capture the conditional het-
erogeneous covariance effects of the influences of COy emissions by considering the in-
dividual effects, which affect the whole distribution. The estimation of the conditional
quantiles of COy emissions Qco,(7|X), for a location-scale model takes the following

form:
COqgy = a; + Xz{tp + (51' + Zz{tV)Uit

where the probability P{(d; + Z/,y) > 0} = 1. The parameters (o, 9;), i = 1,...,48,
capture the individual state fixed effects. X;; is independently and identically dis-
tributed for any fixed state ¢ and independent across time t. p represents a vector of
estimated parameters, which vary on different quantile 7 of COy. U is an unobserved
random variable and independently and identically distributed across the individual
state ¢ at time t. And Uy is statistically independent of X;; and normalized to meet

the moment conditions stated in (6).

Qi 0y, (T|Xit) = (o + 8iq(7)) + p1 In GDPy + po In GDP% + p3SrE;,
+ p4In HDDy; + p5 In CDDy; + pg In E_PRICE;; + p7 In F _PRICE;; + €5

where Qi co,,, (7| X;t) represents the quantile distribution of the dependent variable CO,
(natural logarithm of energy-related COs emissions per capita) which is conditional

on the location of independent variable X;;. Scalar coefficient «;(7) = «; + d;q(7)
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is the quantile-7 fixed effect for state 7, or the distributional effect at 7. Unlike the
usual fixed effects, the distributional effect indicates the heterogeneous impacts of time-
invariant characteristics, which allows capturing different effects on different states of
the conditional distribution of CO,. ¢(7) indicates the 7-th sample quantile which
satisfies the condition fol q(T)dT = 0, which implies that «; can be interpreted as the
average effect for state ¢. Fig 3 shows the estimation results of MMQR with fixed

effects.
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Figure 3: Change in the fixed-effect MMQR coefficients across 48 U.S. states (Jeon,
2022)

Note: GDP: Per capita real gross domestic product by state, S_LRE: Share of renewable energy
in total energy consumption (%), HDD: A unit of measure to relate the day’s temperature to
the energy demand of heating at a residence or place of business, CDD: A unit of measure
to relate the day’s temperature to the energy demand of cooling at a residence or place
of business, E_PRICE: Average electricity price, F_PRICE: Average primary energy price.
Y-axes explains the coefficients of explanatory variables (GDP, GDP?, S_RE, HDD, CDD,
E_PRICE, F_PRICE) and X-axes portrays the quantiles of the dependent variable (COz). The
solid line in each panel shows the point MMQR estimation results at different CO9 quantiles;
the shaded bands depict the corresponding 95% confidence intervals.

Figure 3 presents the parameter estimates from the MMQR model, illustrating that the

impacts of GDP, renewable energy consumption, and all other explanatory variables
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on per capita energy-related COs emissions are heterogeneous at different quantiles.
Specifically, the effect of per capita GDP is positively significant and heterogeneous for
per capita energy-related COs emissions across all quantiles. This result supports that
economic growth, which is often accompanied by increased energy consumption, and
thus generates CO, emissions. The results indicate that a 1% rise in per capita GDP
stimulates per capita energy-related COy emissions by 8.064%-8.604%. The positive
effects of increases in GDP on CO, emissions gradually decreased from lower to higher
quantiles.

Another finding is that renewable energy consumption (S_RE) has a negative effect
on COy emissions throughout the conditional distribution, a 1% increase in the share
of renewable energy leads to a reduction in emissions by 0.515%-0.601%. This implies
that investments in renewable energy stimulate technological innovation and facilitate
access to clean technologies which contribute to emission reduction. This mitigation
effect is stronger at the higher quantiles, potentially due to the fact that states with
higher energy-related CO, are more dependent on fossil fuels than states with lower
COs3. As a result, the high-CO, states experience a more pronounced marginal effect
from renewable energy consumption on emission reduction. This pattern highlights the
critical role of renewable energy in reducing CO, emissions, especially in the case of
high COs,.

Moreover, the results illustrate that an increase in heating degree days (HDD) tends
to generate more CO, emissions at all quantiles, while the effect of electricity price
(E_PRICE) on CO, is negative across all quantiles. These effects could be attributed
to the positive correlation between residential energy consumption and hotter days, and
negative correlation between residential energy demand and electricity price. Notably,
results reveal that both heating degree days and electricity price exert a more pro-
nounced impact at the lower quantiles, implying that residential energy consumption
may account for a larger share of total energy consumption in states with lower COs
emissions.

Furthermore, the primary energy prices (F_PRICE) negatively influence on COq
emissions. The mitigating effects of energy prices are stronger at the higher quantiles.
This pattern could arise from the varying sectoral energy demands across states. In
particular, the industrial or electric power sectors may be the main drivers of energy
consumption in high-emission states, rather than the residential sector.

In general, employing the MMQR estimation technique allows researchers to produce
relatively robust results by considering the effects of outliers and reducing the potential

covariates and heterogeneity.
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5 Discussion

Due to the diversity of modelling approaches and the heterogeneity of the analyzed data
and results, a meta-analysis could not be performed. Therefore, this thesis consists of
the statistical methods and their application in the selected studies. Each method has
its strengths, but the selection should be in accordance with the properties of the data
and the specific research subject.

The first thing to note is that time series data have specific characteristics that can
affect the quality of the subsequent analysis. Specifically, non-stationary data often
exhibit trends over time, which could lead to spurious regression where there appears
to be a relationship between the variables that actually do not have a real causal
association. Therefore, it is essential to conduct a series of tests, such as unit root and
cointegration tests, to ensure the data are stationary and meet the preconditions for a
regression analysis. In addition, given the sequential nature of time series data, where
observations are interrelated over time, lagged terms can effectively capture temporal
dynamics and dependencies. As the evolution of CO, and its determinants over time is
crucial, lagged values of these variables are included in some models to capture dynamic
changes.

To explore the influencing factors on CO5 emissions, the selected studies used mainly
Two-Way Fixed-Effect model, time-varying Difference-in-differences model, and Panel
Quantile Regression model with fixed effects to perform the empirical analysis. The
common feature of these three models is that they all provide better control for un-
observable heterogeneity and allow for more precise inferences about the relationships
between dependent and explanatory variables by exploiting the temporal and cross-
sectional dimensions of panel data.

The 2FE model can eliminate the effects of cross-sectional and time-series hetero-
geneity by simultaneously controlling for individual and temporal fixed effects for each
observation. After adding the control variables that may have influences, the 2FE model
can further guarantee the accuracy and consistency of the independent variable coeffi-
cients in the panel data. However, Imai and kim (2020) show that the 2FE’s ability to
adjust for the two types of unobserved confounders simultaneously hinges upon the as-
sumption of linear additive effects, this means that it cannot adjust for unit-specific and
time-specific unobserved confounders nonparametrically unless certain functional-form
assumptions are made.

Additionally, the 2FE estimator assumes that the unobserved confounding factors
are uncorrelated with the treatment variable. If this assumption is violated, the 2FE
estimator may produce biased estimates of the treatment effect. For instance, in a study
by Jing et al. (2022), if the relationship between AI development and carbon emissions
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is non-linear or interactive with time-varying unobserved confounding factors, the 2FE
estimator may not fully capture these effects.

Compared to 2FE, the time-varying DID method provides a more flexible way to
control for time-invariant unobserved factors. It can better explain treatment effects and
is well-suited for policy evaluation and treatment effects estimation. Unlike common
influencing factors, the implementation of public policies is nonrandom. Thus, direct
comparison of changes in the mean value of outcome variables before and after the
implementation of policies will lead to estimation errors.

By introducing the DID method, researchers are able to better address the issue
of treatment timing variation across multiple time periods and units, and can achieve
more accurate estimates under the assumption of conditional parallel trends. The
assumption of parallel trends requires that CO4 emissions in the treatment and control
groups follow similar trends before the policy intervention. While the DID method
excellently handles time-invariant unobserved factors and treatment timing variation,
the presence of heteroskedasticity and endogeneity can still bias the results.

FGLS estimator can be used in the presence of heteroskedasticity or autocorrelation
(Greene, 2003) and provides efficient parameter estimates under certain assumptions
about error structures. FGLS estimates the structure of the error term in advance,
and then conducts GLS estimation based on this predicted structure. Therefore, in
circumstances where the panel data presents both fixed effects and a complex error
structure, the 2FE model and FGLS can be jointly applied. The 2FE model can first be
used to eliminate unobservable entity and time effects that might affect CO5 emissions,
after which the FGLS can be employed for efficient parameter estimation.

However, FGLS technique also has some challenges. First, the estimation process
requires iterations and complex calculations. Second, it requires a consistent estimate of
the error covariance matrix of the model. Under FGLS, we assume a specific structure
of the error term covariance matrix, and use that structure to transform our model in
order to apply the OLS method, when fixed effects are present, these assumptions might
be violated due to the individual-specific effect on the error term. This means that the
FGLS may give misleading results if we have wrong assumptions about the structure
of the errors. Considering this issue, GMM, with their ability to handle complex error
structures and endogeneity problems, may be preferable.

The basic idea of GMM is to estimate model parameters by minimizing the deviation
of the moment conditions of the model. GMM, unlike OLS, FE and RE estimation, do
not require distributional assumptions, like normality, and can allow for heteroscedas-
ticity of unknown form (Greene, 2003). SYS-GMM estimation is an extension of GMM
technique for solving specific problems in panel data analysis. It utilizes a two-step esti-
mator that can correct standard errors, enabling more robust inference in the presence
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of weak instruments (Blundell and Bond, 1998). In SYS-GMM, fixed effects are dif-
ferenced out so that the possible effects of invariant individual characteristics (such as
the geographical location or culture of a particular country) on the dependent variable
can be eliminated. The GMM dynamic models can be one-step system GMM mod-
els and two-step GMM models with one lag or two lags. The two-step system GMM
models employ residuals of the first-step estimation to estimate the variance—covariance
matrix when there is no assumption for independency and homoscedasticity of error
terms (Salari and Javid, 2016). Thus, SYS-GMM uses the lagged levels of the variables
as instruments for their first differences, which helps to tackle the endogeneity arising
from the inclusion of lagged terms (Roodman, 2009).

SYS-GMM also addresses the possible weak instrumental variables issue. An in-
strumental variable is considered weak when it lacks sufficient correlation with the
endogenous regressors it is supposed to serve as an instrument for. Consider a study
investigating the impact of GDP per capita on CO5 emission, an instrumental variable
in this case could be trade openness (the sum of exports and imports as a share of
GDP). The idea is that trade openness might affect GDP per capita, as nations that
trade more may be wealthier due to higher levels of economic activity. The assumption
here is that trade openness would not directly affect CO5 emissions, except through its
impact on GDP per capita. However, if the relationship between trade openness and
GDP per capita is weak, maybe because other factors like technological advancements
or government policies have a much stronger impact on GDP, then trade openness
would be a weak instrument in this context. In such cases, it would be difficult to
effectively estimate the causal impact of GDP per capita on CO, emissions using just a
standard instrumental variable approach. Then we have a situation where the instru-
mental variable is weak. Techniques such as the SYS-GMM, which is more robust to
weak instruments, might then be more appropriate for estimating this relationship.

System GMM has an advantage in situations where there is a strong autocorrelation
in the variables or when the time series is relatively short and the cross-section is large,
because SYS-GMM utilizes both lagged differences and lagged levels of the variables
as instruments, thereby increasing the number of available instruments. Thereby, SYS-
GMM allows for more instruments and can dramatically improve efficiency (Roodman
2009). However, SYS-GMM ignores cross-sectional dependence and assumes that the
panel members have homogenous slope coefficients. For instance, if each studied country
has specific characteristics not captured in the model that affect CO5 emissions, such as
differences in policies or economic development, these differences can introduce bias into
the estimations. This limitation is especially pertinent given the diverse developmental
stages of the regions within the panel. To address this limitation, a panel quantile
regression technique was employed to examine the distributional and heterogeneous
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effect across quantiles (Sarkodie and Strezov, 2019).

Panel Quantile Regression (PQR) approaches are typically employed when influ-
encing factors exhibit different effects based on the conditional distribution of CO,
emissions. PQR techniques can provide reliable estimates in the presence of outliers,
and is the most suitable technique in cases where there is little or no relationship
between two variables’ conditional means (Binder and Coad, 2011). Moreover, the
Method of Moments Quantile Regression (MMQR) estimates the quantile regression
model by moments, this involves specifying moment conditions that capture the rela-
tionship between the exogenous variables (like policies or socio-economic factors) and
the quantiles of interest. By considering these different moments, MMQR captures
more details about the error structure, including asymmetry and heavy tails, and can
handle more complex error structures because it does not assume a specific distribution
of errors and can flexibly model various distributions by matching the moments.

The advantage of MMQR is that it allows the use of methods that are only valid
in the estimation of conditional means, while still providing information on how the
regressors affect the entire conditional distribution (Machado and Santos Silva, 2019).
By estimating the model with fixed effects, the MMQR allows for the identification
of the latent effects of the exogenous variables across the conditional distribution of
CO4 emissions. The application of MMQR makes it possible to identify the conditional
heterogeneous covariance effects of the determinants of CO, emissions by allowing the
individual effects to affect the entire distribution. However, when the number of indi-
viduals greatly exceeds the length of the study period, the accuracy of the estimates
derived from MMQR can decrease dramatically (Machado and Santos Silva, 2019).

The array of statistical methods investigated in this thesis provide a diverse perspec-
tives on the complex interplay between various influencing factors and CO, emissions.
The selection of methodods should be guided by the quality and quantity of available
data, and the plausibility of the underlying assumptions in the specific research context.
It is also crucial to carefully consider the limitations of each method, and robustness
checks should be conducted to ensure the validity of the results.

Considering the results, the magnitude and direction of the relationships between
the influencing factors and CO, emissions appear to vary depending on the regions,
the period studied, and the specific method employed. This requires a careful and
context-specific interpretation of the results.
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6 Summary and Prospects

This thesis has reviewed 30 selected articles that applied diverse statistical models
to unravel the complex influencing factors of COy emissions. These studies spanned
across different countries and regions, each presenting its unique perspective based on
the selected variables, methods, and periods analyzed.

Through the systematic review and content analysis, the research focus predomi-
nantly lies in exploring socio-economic, energy-related, and policy-related factors as
critical determinants of COs emissions. Socio-economic factors, such as urbanization,
population growth, per capita GDP, and financial development, can either exacerbate
or mitigate CO2 emissions depending on the specific context. Energy consumption and
the source of energy significantly influence CO2 emissions. Despite variations across
individual studies, the investigated studies generally identified that the use of renew-
able energy and the transition from fossil fuels can substantially reduce these emissions.
Innovations such as Al and industrial robots can also help mitigate emissions by op-
timizing the industrial structure. Moreover, the impact of these factors can also be
influenced by the region’s specific circumstances and policies. Implementations of spe-
cific policies like low-carbon city pilot policy and smart city pilot policy can effectively
reduce emissions by enhancing environmental regulations and promoting green technol-
ogy innovation.

Moreover, a number of statistical methods were identified in investigating the deter-
minants of CO, emissions. In the main part of this thesis, the theoretical foundations
of the statistical methods used in the reviewed literature are illustrated, explaining how
these methods were applied in the respective studies.

First, a series of time series tests were conducted to understand the characteristics
of the panel data. Following this, various regression models are constructed, enabling
the use of diverse estimation methods for parameter estimation. The varied modelling
approaches encountered in this thesis indicate the flexibility and multiplicity of tools
available to researchers in this domain. Then, the results derived from these methods
are presented. Through this process, a comprehensive understanding of the factors
that influence CO, emissions was carried out. The determination of the nexus among
parameters quantifying the factors above is crucial to provide guidelines for policymak-
ers to formulate effective policies concerning, e.g., the reduction of greenhouse gases
emissions and the energy sources diversification to diminish the dependence on non-
renewable sources (Balsamo et al., 2023).

In terms of future developments, the growth of data science stimulated by intelli-
gent systems, enhances the capability to solve complex problems and enables accurate
predictions. As such, these advancements aid in the automation of analytical model
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construction, the identification of patterns, and data-driven decision making with min-
imal human intervention. These approaches are best suited to cases in which there are
nonlinear relationships between the target and response variables. This underscores the
potential of these methods in not only understanding the intricate, nonlinear relation-
ships between CO, emissions and their key drivers like GDP and energy consumption,
but also in outperforming conventional approaches in accuracy.

Several Artificial Intelligence and Machine learning techniques such as artificial neu-
ral networks, genetic algorithms and decision trees were identified as being instrumental
in predicting and optimizing CO5 emissions in various aspects of construction. Mardani
et al. (2020) demonstrated the superiority of artificial neural network (ANN) in a study
carried out for G20 countries” COy emissions. The combined method of neuro-fuzzy
inference system and ANN techniques showed highly accurate estimation compared to
multiple-linear regression for estimating CO, emissions based on energy consumption
and economic growth, with average absolute error values of 0.065 and 0.522, respec-
tively.

With the innovation of approaches and the expansion of computational capabilities,
there is great potential for the development and application of more advanced and pre-
cise models in the future. This will contribute to providing robust, data-driven insights
to address the complex factors influencing CO4y emissions. The incorporation of these
analytical tools into fields such as the devise effective strategies for reducing CO5 emis-
sions and tackling climate change, holds significant potential for notable advancements

in both academic research and practical applications.
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