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Robust Analysis of Regression of Turkey’s CO2 Emission Dataset
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abstract: This study uses multiple line regression and the generalised least squares (GLS) methods to
investigate the factors influencing CO2 emissions in Turkey in detail. It does this by demonstrating the
differences in the impact of factors on CO2 emissions at multiple levels and by proving the superiority of
the multiple line regression method over the GLS, LS, and RR methods. This study looks at the impact
of Turkey’s industrialisation on CO2 emissions from 1973 and 2021. The CO2 emission dataset is analyzed
using least squares (LS), generalized least squares (GLS), and robust regression (RR) techniques. The mean
squared error (MSE) is used to compare these regression estimate methods. The paper also looks at important
regression assumptions such multicollinearity, autocorrelation, heteroscedasticity, and normality. Model selec-
tion techniques are applied in the multicollinearity detection case to remove superfluous variables. To find the
best model for the CO2 emission dataset, all regression estimation methods are re-applied after variables have
been eliminated. The study also examines and corrects for heteroscedasticity and autocorrelation, if they are
found. This study intends to offer important insights into the environmental effects of economic development
by thoroughly examining the connection between industrialization and CO2 emissions in Turkey.
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1 Introduction

Significant improvements in human welfare, technological innovation, and product manufacturing
were brought about by the Industrial Revolution. But in addition to these advantages, researchers are
looking more closely at its drawbacks. These adverse effects are generally divided into three primary
categories: contamination of the soil, water, and weather. In addition to directly endangering human
health, atmospheric pollution fuels the greenhouse effect, which is one of the primary causes of global
warming. According to scientific consensus, extensive glaciation might occur on Earth if the average
global temperature were to drop by just 1.5 to 7.5 degrees Celsius. On the other hand, a temperature
increase of 1.5 to 5.5 degrees Celsius might create a tropical climate on a worldwide scale. For more
information, see Plass (1956). Thanks to easily accessible data from glaciers, a large portion of the
scientific literature is devoted to the study of rising average temperatures. Important records of the
chemical and physical makeup of the Earth’s atmosphere can be found in ice sheets and caps. According
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to Thompson (2000), ice cores excavated from carefully chosen locations are frequently used to collect this
data. One of the first to identify the possible link between greenhouse gases and global temperature was
Arrhenius (1896). He postulated that the earth’s temperature might be affected by the burning of fossil
fuels. But because his calculations relied on the pace at which fuels burned at the time, he concluded
that it would take around 3,000 years to double the amount of CO2 in the atmosphere. In a similar vein,
Ekholm (1901) added to this discussion by drawing attention to the effects of present coal use on global
warming. His research highlighted the possibility that burning pit coal could raise the planet’s average
temperature. The foundation for future studies on the connection between human activity and climate
change was established by these early discoveries.

Scientists started paying closer attention to this issue after industrialization had a major impact on
rising CO2 levels. In a groundbreaking study, Callendar (1938) estimated that the world temperature
had increased by 0.3 degrees Celsius between 1880 and the 1930s. This study offered preliminary proof
that industrial activity and temperature increases are related. Plass (1955) initiated additional research
on the greenhouse effect and its influence on global climate change by delving deeper into the possible im-
pacts of CO2 in the atmosphere. His research served as a crucial basis for comprehending the mechanics
underlying climate dynamics. Landsberg (1970) drew attention to how urbanization affects the climate
worldwide. He underlined the difficulty of differentiating between human-induced changes and natural
climatic variability, as well as the substantial impact that local changes have on the immediate environ-
mental conditions. In addition, Landsberg expressed worries about the long-term effects of elements like
heat rejection and CO2 absorption, indicating that climate research and management continue to face
difficulties. A significant study of temperature trends over a century, from 1880 to 1980, was conducted
by Hansen and Lebedeff (1988) in order to demonstrate global temperature rise and the ensuing climate
changes on a global scale. Their findings made a substantial contribution to our knowledge of long-term
temperature trends and how they affect climate dynamics. More recently, Wang et al. (2023) examined
global average temperatures from 1850 to 2021 using the Berkeley Earth Surface Temperature (BEST)
dataset. Their analysis supported previous findings that the average global temperature has been rising
noticeably over time. These repeated results highlight how urgent it is to solve climate change. In 2015,
the United Nations held an important conference in Paris with the goal of reducing the increase in average
world temperatures. With a more ambitious target of 1.5 degrees Celsius, the objective was to keep the
increase in global temperature to less than 2 degrees Celsius. This emphasizes how climate change is
acknowledged to have major detrimental effects on both natural systems and human populations. To
lessen the adverse effects of climate change, immediate action is required. According to Crain et al.
(2018), there is an urgent need to cut CO2 emissions in a number of sectors. To reduce greenhouse gas
emissions and fight climate change, policymakers are urged to enact stringent restrictions that target
transportation, industry, and daily CO2 usage. The integrity of the planet’s ecosystems and the welfare
of current and future generations depend on such actions. The analysis of CO2 emission data and its
consequences on Turkey is the specific subject of this article, which seeks to determine both the positive
and negative effects. It expands on previous research that looks at CO2 emissions in the context of
Turkey. For instance, Halicioglu (2009) looked into the connection between Turkey’s foreign commerce,
energy consumption, income levels, and CO2 emissions. The study examined patterns from 1960 to 2005
using variables such CO2 emissions per capita, commercial energy consumption per capita, real income
per capita, and openness ratio. Halicioglu sought to demonstrate the intricate connections between these
variables and how they affect Turkey’s CO2 emissions through this analysis. The findings indicate a pos-
itive relationship between income levels, energy use, and CO2 emissions, indicating that environmental
deterioration has been exacerbated by Turkey’s economic expansion. Halicioglu does, however, under-
stand the complexity of this relationship and the possibility that attempts to slow economic growth could
result in higher unemployment rates. Ozturk and Acaravci (2010) used the autoregressive distributed
lag-bounds testing method of cointegration to examine the causal relationships and long-term trends be-
tween economic growth, carbon emissions, energy consumption, and employment ratio in Turkey between
1968 and 2005. Notably, energy consumption per capita tends to increase with income, although income
growth is associated with a decrease in carbon emissions per capita. It’s interesting to note that while
employment has a short-term effect on GDP per capita, neither carbon emissions nor energy consumption
directly affect it.
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Aydin (2015) uses multiple linear regression and correlation analysis to investigate the factors im-
pacting energy-related CO2 emissions (ERCDE) in Turkey. The analysis covers five metrics from 1971
to 2010: GDP, combustible renewables and waste energy consumption (CRWC), alternative and nuclear
energy consumption (ANEC), nation population (CP), and fossil fuel consumption (FFC). According to
the results, CP appears to be the main factor affecting ERCDE, with GDP, ANEC, FFC, and CRWC
following in order of relevance. Additionally, it is suggested that CP, GDP, and FFC can be used to
accurately anticipate ERCDEs. From 1990 to 2013, Akbostancı et al. (2018) investigated CO2 emissions
in the Turkish economy from a variety of industries, including forestry, manufacturing, construction,
transportation, residential areas, agriculture, and electricity production. They also emphasized how
important it is to analyze emissions at the industry level in order to create effective industrial and en-
vironmental strategies, particularly in view of Turkey’s energy sector challenges and conflicting energy
policies. To determine CO2 emissions in Turkey in 2015, Mangır and Şahin (2022) used ecologically ex-
tended input-output (EEIO) accounting of trade-emissions variables, consumption-based accounting, and
production-based accounting. According to the findings, Turkey is a net importer of CO2 throughout the
year and imports greenhouse emissions equal to about 9.67 percent of the inventory of greenhouse gases
and 7.7 percent for household use. Furthermore, Turkey is a net importer of CO2 throughout the year,
importing about 9.67% of total greenhouse gas emissions and 7.7% for domestic usage. Additionally,
it is determined that the service sector has large emissions, particularly in sectors like transportation,
financial intermediation, health and other services, education, and commercial operations. Telatar and
Birinci (2022) examined the connection between CO2 emissions, ecological footprint, and environmental
levies. The researchers chose the years 1994–2019 in order to investigate this association. In conclusion,
there was no sustained decrease in CO2 emissions as a result of the implementation of ecological levies.
Given these results, it was determined that environmental taxes have no effect on slowing or stopping
ecological deterioration.

The literature identifies a variety of explanatory criteria for comprehending CO2 emissions, stressing
the significance of investigating their connections with important elements including GDP, oil and elec-
trical energy consumption, and a nation’s overall carbon footprint. For the purpose of directing policy
decisions to solve environmental issues and advance sustainability, this investigation is essential. The
study intends to thoroughly examine the connections between CO2 emissions and different factors using
this methodical approach, providing insightful information to stakeholders and policymakers entrusted
with creating practical policies to reduce environmental impact and advance sustainable development.

1.1 Research objectives

The study’s remaining sections are organized as follows: An outline of the variable elimination proce-
dure and the LS, GLS, and RR approaches is given in Section 2. The analysis’s CO2 emission dataset is
described in Section 3. Using LS, GLS, and RR techniques, Section 4 performs a thorough data analysis
while looking for departures from underlying assumptions. This part also covers the variable elimination
procedure used to improve the models. Lastly, the analysis’s findings are shown in Section 5.

1.2 Contribution of the study

Examining the factors that influence CO2 emissions the primary measure of environmental pollution
that contributes to climate change is crucial. The investigation of variables that significantly affect
Turkey’s ability to reduce its CO2 emissions served as the study’s driving force. This article focuses
on how Turkey’s CO2 emissions are affected by population growth, economic expansion, and the use of
renewable energy.

This study seeks answers to the following research questions:
• Does Turkey’s economic expansion impact CO2 emissions?
• Does Turkey’s population expansion have a statistically significant impact on CO2 emissions?
• Does Turkey’s shift to renewable energy sources effectively lower CO2 emissions? The quantile regression
model approach has not been used to analyse how Turkey’s renewable energy use, population increase,
and economic expansion affect CO2 emissions. To address this research gap, the multiple line regression
approach was used in this study to assess the correlations between the variables in question over the
1973–2021 period in Turkey. The following are some ways that this study adds to the literature:
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(i) By investigating the connection between Turkey’s use of renewable energy, population increase,
economic expansion, and CO2 emissions, this study adds to the body of literature.

(ii)The prediction performances of multiple line regression and other regression are compared in this
study.

2 Method

One of the oldest techniques for modeling variables is regression analysis, which is applied exten-
sively in many scientific fields. Numerous disciplines, including engineering, physics, chemistry, biology,
economics, social sciences, and life sciences, can benefit from its adaptability. The associated regression
techniques utilized in this work are briefly defined in the section that follows.

2.1 Multiple linear regressions

Assuming a linear relationship between yi, xi, the regression model can be represented as follows: Let
(x1, y1), . . . , (xn, yn) be a given sample, where yi is the dependent variable, x(i)is the vector of independent
variables, β is an unknown regression parameter vector, and ϵi is the random error.

yi = x
′

iβ + ϵi (2.1)

This regression model can also be expressed using matrix notation. Let X be a design matrix consisting
of independent variables, y be the independent variable vector, β be an unknown regression parameter
vector, and ϵ be the random error vector. The matrix notation of the regression model is:

y = Xβ + ϵ. (2.2)

2.2 LS Method

One popular method for determining the regression parameters in equation (2.1) is the least squares
(LS) method. The error terms are minimized to yield the LS estimator of β, which is as follows:

β = (X ′X)(−1)X ′y. (2.3)

2.3 GLS Method

The Generalized Least Squares (GLS) method represents a refined approach to the LS method, espe-
cially advantageous in scenarios where the dataset demonstrates autocorrelation. The GLS estimator of
β can be derived in the following manner:

βGLS =
(
X ′Σ(−1)X

)(−1)

X ′Σ(−1)y. (2.4)

The matrix Σ in equation (2.4) is described as a positive and symmetric nn matrix whose (i, j)th element
is equal to Cov(ei, ej). Here, Cov(ei, ej) represents the covariance of the residuals of β GLS. Furthermore,
the GLS estimator can be obtained by transforming the LS method. Let S be the Cholesky decomposition
of Σ. Then, the transformed model given in equation (2.1) becomes:

Y ∗ = X∗β + ϵ∗, (2.5)

Where Y ∗ = S(−1)y,X∗ = S(−1)x and ϵ∗ = S(−1)ϵ. Alternatively the GLS estimator can be obtained
as:

β∗ = (X∗X∗)(−1)X∗Y ∗. (2.6)

When tackling potential challenges that may arise from datasets, including outliers, the Robust Re-
gression (RR) method stands out as an important statistical tool. A substantial body of literature has
been developed on RR methods, featuring contributions from Huber (1973), Andrews (1974), Rousseeuw
and Yohai (1984), Hampel et al. (1986), Yohai (1987), and Rousseeuw and Leroy (1987).
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The M-estimator, introduced by Huber in 1973, is widely recognised as one of the most frequently
employed techniques in RR. Although M-estimators may not be strong in the presence of extreme values,
they are commonly used with the understanding that outliers tend to appear more frequently in the
dependent variable y. The aim of the method is to reduce the function of residuals, which escalates at a
slower pace compared to the least squares function. The M-estimator of β can be derived through the
following method:

minβ

n∑
i=2

ρ(ϵi) = minβ

n∑
i=2

ρ(yi − xiβ). (2.7)

Where x
′

i indicate ith row of X. The M-estimator is so named due to its use of the maximum likelihood
method. The scale-invariant property of the M-estimator is given as:

minβ

n∑
i=2

ρ
(ϵi
σ

)
= minβ

n∑
i=2

ρ

(
yi − xiβ

σ

)
. (2.8)

Where σ is a robust estimate of scale:

σ = median|ϵi −median(ϵi)|/(0.6745) (2.9)

With the help of the following equation, β and σ parameters can be solved simultaneously:

Q(β, σ) =
1

n

n∑
i=2

[
ρ

(
yi − xiβ

σ
+ α

)]
σ (2.10)

Various ρ functions exist in the literature, with one notable example being Tukey’s bisquare function,
proposed by Tukey (Beaton and Tukey, 1974), which is utilized in this study:

ρc = 1−
(
1− (x/c)2

)3
, |x| ≤ c ≤ 1, |x| > c. (2.11)

3 Variable Elimination

A regression model that incorporates all explanatory variables is not always statistically significant.
Consequently, in statistical analysis, choosing the appropriate variables is essential. The multicollinearity
of variables in the model is a common issue that can occur. Removing some of the explanatory variables
from the model is one strategy to address multicollinearity if it is discovered. It is advised to use variable
elimination techniques in these situations. The literature has numerous documented variable removal
techniques. To help with variable selection, Furnival and Wilson (1974) developed the leaps and bounds
approach, which makes use of data derived by regression. Applying techniques like bootstrap resampling,
predicted residual error sum of squares (PRESS), deviance or residual deviance, modified R-squared, or
cross-validation can be challenging due to their computational cost, especially when dense criteria are
involved. Consequently, these intricate techniques frequently necessitate modifications to computation,
rendering them less practical for everyday application. Stepwise elimination is an alternate strategy.
Stepwise approaches are helpful for recommending better alternatives, even though they might not always
find the optimal model. Backward elimination, one of the stepwise techniques, is used in this study to
eliminate variables. In order to increase overall statistical significance and decrease multicollinearity, this
approach methodically eliminates the least significant variables from the model.

3.1 Backward elimination method

One popular variable removal strategy in the literature is the backward elimination method. Compared
to other approaches, this one is typically less adversely impacted by correlations between regressors (Myers
and Montgomery, 2002). In backward elimination, the contribution of each variable to lowering the sum
of squared errors (SSE) determines whether it should be kept in the model or eliminated. A variable
is eliminated from the model if its contribution to lowering SSE is deemed insignificant. The procedure
is iterative: the model is reassessed to identify the subsequent least significant variable following each
elimination. Until there are no more variables in the model or all of the remaining variables are statistically
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significant, this elimination process keeps going. Backward elimination’s iterative process makes sure that
only variables that significantly affect the model’s performance are kept, improving the model’s overall
statistical robustness and interpretability.

4 Data

Carbon dioxide emissions are a major issue for the planet and its entire people. The literature looks
at the following factors when analyzing the factors that directly affect CO2 emissions: carbon footprint,
GDP per capita, fuel and electricity consumption per capita, primary sector GDP percentage, secondary
sector GDP percentage, and tertiary sector GDP percentage. Using data especially from Turkey for the
years 1973–2021, we will examine CO2 emissions and the factors influencing them in this study.

Using data fromWorldmeters, WDB, and Eurostat, the CO2 emissions per capita variable is computed
as the ratio of total emissions in tonnes to the nation’s population. WDB and CEIC data are used to
calculate fuel consumption per capita, which is the total amount of fuel consumed by the nation’s citizens
in kilogram’s. Using data from WDB and TURKSTAT (Turkish Statistical Institute), another measure,
electricity consumption per capita, is calculated as the ratio of the nation’s total electricity consumption
in kWh to its population, including industrial units. The carbon footprint variable, which is derived
from the Foot print network website on a per hectare basis, is the area of land needed to absorb all CO2

emissions generated by human activities over the course of a person’s lifetime (Pandey, 2011).

A figure known as the Gross Domestic Product (GDP) is computed to quantify the worth of the
commodities and services that a nation produces during a given time period. The computed GDP
number is divided by the country’s population throughout the period to determine GDP per capita. The
WDB’s 2017 dollar exchange rate is used to standardize the GDP per capita variable in this analysis. The
primary, secondary, and tertiary sectors are included in the GDP per capita variable. The primary sector
is represented by the GDP’s share of agricultural production, while the secondary sector is indicated by
the GDP’s share of industrial production. Lastly, the tertiary sector is represented by the percentage of
income in the service sector, which is obtained from the WDB.

5 Analysis

This study involved an analysis of various factors that may impact CO2 emissions, such as energy
consumption, carbon footprint, oil consumption, GDP, and the distribution of GDP across the primary,
secondary, and tertiary sectors. The data gathered for Turkey spanning from 1972 to 2021 are presented
in Table 4.1. The CO2 variable exhibits a mean of 3.2 with a standard deviation of ±1.1. Energy con-
sumption per capita shows a mean of 1551.1 and a standard deviation of ±964.2. The carbon footprint
presents a mean of 1.3 with a standard deviation of ±0.4. Electricity consumption per capita has a mean
of 1151.8 and a standard deviation of ±391.1. Lastly, GDP per capita reveals a mean of 5084.2 with a
standard deviation of ±3924.3. The means for the primary (S1), secondary (S2), and tertiary (S3) sectors
are 15.4, 27.5, and 50.2, with standard deviations of ±8.9, ±2.9, and ±4.7, respectively. It is important to
recognize that these variables are measured in different units, which requires standardization to address
discrepancies prior to conducting the analysis.

To investigate the connection between CO2 emissions and the independent variables, pair wise graphs
are illustrated, as depicted in Figure 4.1. The graphs illustrate a linear correlation between CO2 emissions
per capita (CO2-EPC) and various significant variables: CO2-EPC, CO2-CFP (carbon footprint per
capita), CO2-S1 (primary sector as a percentage of GDP), and CO2-GDP (GDP per capita). Given
the identified linear relationships, the linear regression method was deemed suitable for data analysis.
Therefore, the regression model is as follows:

CO2 = β0 + β1EPC + β2CFP + β3S1 + β4EUO + β5S2 + β6S3 + β7GDP + ϵ. (5.1)

To test the appropriate hypotheses for the significance of the regression model, the following hypotheses
are used:

H0 : β1 = β2 = · · · = βk = 0, H1 : βj ̸= 0 for at least one j. (5.2)
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Table 1: Defining Variables

Table 2: Descriptive statistics
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Table 3: Pair wise graphs

The estimation results for the LS, GLS, and RR methods are presented in Table 4.2. The table includes
estimates of coefficients, standard errors, p values, and, Durbin-Watson test statistics p-values. While
the coefficient estimates differ across the methods, the direction of the relationships remains consistent.
The analysis show that EPC and CFP are significant at α = 0.001 and positively correlated with CO2,
while S2 is significant at α = 0.05 and also positively correlated. Other variables are not significant at α
= 0.001, 0.05, or 0.01 levels.

Additionally, unlike the other methods, the EUO variable is significant in the RR method. The RR
method also has lower standard errors compared to LS and GLS. Furthermore, the RR method has the
smallest mean squared error (MSE) value among the methods, indicating its superiority. Not all of the

Table 4: Estimation results for LS, GLS and RR methods
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factors included are significant, even though the RR technique yielded better results. Furthermore, a
regression model should satisfy all underlying assumptions. Based on Durbin-Watson test data, Table
4.2 clearly shows that autocorrelation is an issue with all approaches. For every approach, autocorrelation
is detected at a significance level of 0.05. The additional assumptions will be evaluated later to handle
possible departures from the model assumptions. The LS technique will be used to carry out these tests.

Figure 4.2 illustrates a range of diagnostic plots, including residuals plotted against predicted values,
a Q-Q plot for the residuals, standardized residuals compared to predicted values, and Cook’s distance
utilized for identifying outliers. The plots reveal the existence of outlier observations within the dataset.
Table 4.3 analyzes the Breusch-Pagan and Kolmogorov-Smirnov tests to assess the assumptions of ho-

Table 5: Residual analysis

mogeneity and normal distribution of residuals. For the test of variance homogeneity, the hypotheses
are stated as follows: H0:Homoscedasticity is present (the residuals are distributed with equal variance)
H1:Heteroscedasticity is present (the residuals are not distributed with equal variance). The Breusch-
Pagan test presented in Table 4.3 shows a p-value of 0.08595, indicating no significant heteroscedasticity.
However, the Kolmogorov-Smirnov test, with a p-value of 6.014e-09, suggests that the residuals do not fol-
low a normal distribution. The variance inflation factors (VIFs) for each independent variable are shown

Table 6: Tests of homogeneity and normalization

in Table 4.4 in order to evaluate multicollinearity. The table shows that only the S2 variable satisfies the
literature’s VIF value requirement (5 ≤ V IF ≤ 10). However, based on the VIF values, the other factors
show a very high association. To further evaluate multicollinearity, the variance decomposition ratios are
shown in Table 4.5. As can be seen, there is a multicollinearity issue among the variables because only
the eighth condition index (CI) is higher than thirty. Furthermore, the variance decomposition ratios
in the table that are bolded indicate that the variance ratios of the EUO, CFP, and EPC variables,
respectively, are greater than 0.5. It may be concluded that these variables are multicollinear, meaning
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Table 7: Investigation of factors affecting variance

that the coefficients most impacted by multicollinearity are their variances. The backward elimination

Table 8: Variance Decomposition Ratios

method using Bayesian information criterion (Schwarz 1978) is used to eliminate variables in order to
solve the multicollinearity problem. Table 4.6 presents the outcomes of this elimination technique. We
see that the forward elimination approach produced comparable outcomes.

Table 9: Backward elimination method results

The most important factors identified are GDP, S2, CFP, and EPC. The model selected through backward
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Table 10: Backward elimination method results

Table 11: Backward elimination method results

elimination, shown in equation 5.3, is given by:

CO2 = β0 + β1GDP + β2S2 + β3CFP + β4EPC. (5.3)

Table 11 displays the outcomes of applying the LS, GLS, and RR procedures to the model found via
backward elimination provided in Equation (5.3). Coefficients, standard errors, Durbin-Watson p-values,
p-values for significance, and mean squared error (MSE) values are provided for each technique in this
table. The coefficients for the independent variables in Equation (5.3) are significant for all approaches,
as can be seen.

All standard errors are also comparable. The RR and GLS approaches solve the autocorrelation
issue. The RR approach has the minimum MSE, making it the superior model when comparing modeling
performance in terms of MSE values.
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Table 12: Backward elimination method results

Table 13: Comparison of backward elimination and robust regression methods

Conclusion and discussion

Effectively identifying and addressing the causes of environmental degradation is essential because
it has an impact on ecosystems and human health. This study uses statistical models to investigate
the relationship between CO2 emissions, a significant contributor to environmental damage, and other
influencing factors. According to the analysis, the RR approach performs better in terms of MSE than
LS and GLS. It is noteworthy that whereas the LS and GLS approaches do not consider per capita oil
consumption to be relevant, the RR method does. A few unimportant variables were identified by the
LS analysis, indicating potential departures from the model’s presumptions, including multicollinearity.
The model was improved using a backward elimination technique in order to solve this problem. In
terms of autocorrelation and MSE values, the RR approach outperformed the other two approaches.
According to the report, Turkey’s per capita GDP is negatively impacted by rising fuel and power use as
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well as industrial CO2 emissions. This suggests that energy-driven industrial growth impedes economic
advancement and leads to environmental deterioration. Strategies to reduce environmental harm should
be given top priority by policymakers in order to assist Turkey’s economic development. The same dataset
will be used in subsequent analyses to further hone and validate these results using the RR elimination
procedure.
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2. Akbostancı, E., Tunç, G. İ., Türüt-Aşık, S. (2018). Drivers of fuel based carbon dioxide emissions: The case of Turkey.
Renewable and Sustainable Energy Reviews, 81, 2599-2608.

3. Craig, M. T., Jaramillo, P., Hodge, B. M. 2018. Carbon dioxide emissions effects of grid-scale electricity storage in a
decarbonizing power system. Environmental Research Letters, 13(1), 014004.

4. Callendar, G. S. (1938). The artificial production of carbon dioxide and its influence on temperature. Quarterly Journal
of the Royal Meteorological Society, 64(275), 223-240.

5. Ekholm, ,N. “On the variations of the climate of the geological and historical past and their causes,” Quarterly Journal
of the Royal Meteorological Society 27, no. 117 (1901): 1–62.

6. Furnival, G. and Wilson, R. (1974). Regression by leaps and bounds. Technometrics, 16, 499–511.

7. Halicioglu, F. (2009). An econometric study of CO2 emissions, energy consumption, income and foreign trade in Turkey.
Energy policy, 37(3), 1156-1164.

8. Hansen, J., Lebedeff, S. (1988). Global surface air temperatures: Update through 1987. Geophysical Research Letters,
15(4), 323-326.

9. Hampel, F.R. 1978. Optimally bounding the gross-error-sensitivity and the influence of position in factor space. Pro-
ceedings of the ASA Statistical Computing Section, ASA, Washington, D.C., 59-64.

10. Hampel, F.R., Ronchetti, E.M., Rousseeuw, P.J. and Stahel, W.A. 1986. Robust Statistics: The Approach Based on
Influence Functions, Wiley, 502 p., New York.

11. Huber, P.J. 1973. Robust regression: Asymptotics, conjectures and Monte Carlo. The Annals of Statistics, 1(5), 799-821.

12. Krasker, W.S. 1980. Estimation in linear regression models with disparate data points. Econometrica, 48(6), 1333-1346.

13. Krasker, W.S. and Welsch, R.E. 1982. Efficient bounded-influence regression.

14. Landsberg, H. E. (1970). Man-made climatic changes: man’s activities have altered the climate of urbanized areas and
may affect global climate in the future. Science, 170(3964), 1265-1274.

15. Mallows, C.L. 1975. On some topics in robustness. Technical memorandum, Bell Telephone Laboratories, Murray Hill,
N.J.
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