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ABSTRACT

IMPACT OF CLIMATE CHANGE ON RESIDENTIAL ELECTRICITY
CONSUMPTION IN ERBIL: AN ECONOMETRIC ANALYSIS

ISMAEL, Zewar Omar
M.Sc. Thesis, Department of Statistics
Supervisor: Asst. Prof. Dr. Muhammed Hanifi VAN
December 2021, 83 pages

Identifying changes in energy consumption can be affected by climate change.
Rising intensity of climate change, especially global warming, may have a negative
impact on energy consumers and power companies. It is neccessary to identify the
challenges that determine how changes in the economy, environment, and technology
affect the future of energy system because of the climate changes. The objective of
thesis is to analyze the long-term link between electricity usage and identifying climatic
factors such as air temperature, humidity, and wind speed in Erbil city of Irag, using
monthly data from 2009 to 2019. Data were obtained from two sources. First one, the
electricity load data wass obtained from the Erbil directorate of electricity. The latter,
wind speed, temperature, and rate of humidity, were obtained from the general
directorate of agriculture and weather. In this study, the dependent variable is electrical
load, and the independent variables are humidity, temperature, and wind speed. The
graphs of the series were examined to see the general trends of the study variables. Then, ACF
and PACF graphs were examined to understand whether there was seasonality or not. Then, the
stationarity of the series was examined by conventional unit root tests. The cointegration
relationship between the electricity load and wind speed series is tested using the Jonahansen
cointegration method. The cointegration relationship between the electrical load, wind speed,
and air temperature and humidity is also tested using the ARDL method. According to the
results obtained, it has been determined that the series of electric load and wind speed move
together in the long run. According to results of the ARDL model, it is found that there is
a statistically significant long-term relationship between electric charge and humidity,
wind speed and air temperature. These results show that climate change will increase

energy use.

Keywords: Climate change, Cointegration analysis, Electricity consumption.






OZET

IKLiM DEGIiSIKLiGiNiN ERBIL'DE KONUT ELEKTRIiK TUKETIMIiNE
ETKIiSi: EKONOMETRIK BIR ANALIZ

ISMAEL, Zewar Omar
Yiiksek Lisans Tezi, Istatistik Anabilim Dal
Tez Danigmani : Dr. Ogr. Uyesi Muhammed Hanifi VAN
Aralik 2021, 83 sayfa

Enerji tiiketimindeki degisikliklerin belirlenmesi iklim degisikliginden
etkilenebilir. Kiiresel 1sinma basta olmak tizere iklim degisikliginin artan yogunlugu,
enerji tiiketicileri ve enerji sirketlerini ekonomik olarak olumsuz etkileyecektir. Sonug
olarak, iklim degisikliginin bir sonucu olarak ekonomide, c¢evrede ve teknolojide
meydana gelen degisikliklerin enerji sisteminin gelecegini nasil etkileyecegini
belirleyecek temel zorluklarin belirlenmesi hayati 6nem tasimaktadir. Bu tezin amaci,
Irak'in Erbil kentinde elektrik tiiketimi ile hava sicakligl, nem ve riizgar hiz1 gibi iklim
faktorleri arasindaki uzun donemli iliskiyi 2009-2019 arasindaki aylik verileri
kullanarak aragtirmaktir. Verileri iki kaynaktan elde edilmistir. Birincisi, elektrik ytiki
verileri Erbil elektrik miidiirliigiinden elde edilmistir. Ikincisi, riizgar hizi, sicaklik ve
nem orani, tarim ve hava durumu genel midirliigiinden alinmistir. Bu g¢alismada
bagimli degisken elektrik yiikii, bagimsiz degiskenler ise nem, sicaklik ve riizgar hizidir.
Bu amagcla calismada ilk olarak serilerin genel seyrini gérmek i¢in serilerin grafikleri
incelenmistir. Ardindan mevsimselligin olup olmadigin1 anlamak i¢in ACF ve PACF
grafikleri incelenmistir. Daha sonra serilerin duraganliklar1 geleneksel birim kok testleri
ile incelenmistir. Birinci farkalarinda duragan olan electricity load and wind speed
serileri arasinda esbiitiinlesme illiskisi Jonahansen esbiitiinlesme medodu ile test
edilmistir. Farkli diizeyde duragan olan elektrik yiikii, riizgar hizi, ve hava sicakligi ve
nem orani serileri arasindaki esbiitiinlesme iliski ARDL metodu kullanilarak test
edilmistir. Elde edilen sonuglara gore, elektrik yiikii ve riizgar hizi serilerin uzun
donemde birlikte hareket ettigi belirlenmistir. ARDL modeli tahmin sonuglarina gore
ise elektrik yiikii ile nem oranmi ve riizgar hizi1 Bu sonuglar ilkim degisikligini enerji
kullanimin artiracagini gostermektedir.

Anahtar kelimeler: Elektrik tiiketimi, Esbiitiinlesme analizi, iklim degisikligi.
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SYMBOLS AND ABBREVIATIONS

Some symbols and abbreviations used in this study are presented below, along with

descriptions.

Symbols Description

Eigenvector

B Constant term
Ce Cycle
E Expectation value

Covariance matrix

X Covariance matrix

I, Noise

p Correlation

Ik Autocorrelation

S; Seasonal

T, Trend

U, Error term

W(r) Standard Brownian motion
Y Mean of variable

Z The value of a variable at time period
t

% Percent

1) Constant time series

t Time

1) Mean of variables

c Standard deviation

o2 Variance

Q Omega

yl Eigenvalue

Abbreviations Description

Xiii



ACF
ADF
AR
ARDL
ARIMA
ARMA
cov
DW
EKC
ii.d
KPSS
MA
oLS
PACF
PP
SMC

VAR
VAR
VEC
VECM

Auto Correlation Function

Augment Dickey Fuller

Autoregressive

Auto-regressive Distributed Lag
Autoregressive integrated moving average
Autoregressive moving average
Covariance

Durbin-Watson

Environmental Kuznets curve
Independent identically distributed
Kwiatkowski, Phillips, Schmidt and Shin
Moving average

Ordinary list square

Partial Auto Correlation Function

Phillip Peron

Squared Multiple Correlation

Variable

Variance

Vector Autoregressive

Vector error correction

Vector error correction model



1. INTRODUCTION

Climate change can have an impact on determining changes in energy consumption.
The increasing intensity of climate change, the increase in carbon dioxide emissions leads
to global warming. Thus, there is a need to identify key challenges that how changes in
economic, environment and technology under climate change will affect the future of
power system. The connection between power system, climate change and economic has
many aspects and it is complicated Queiroz et al. (2016). A major effect of climate change
on energy usage is how much it raises or lowers the temperature. There are a number of
empirical studies that suggest temperature is the most important weather component when
it comes to determining how much energy people consume. Buildings need to be heated in
cold weather, and cooled in hot weather (Silhvola et al., 1997).

Irag has performed relatively few researches on the coincidental link between
climate change and energy consumption. Electricity is heavily utilized for heating in the
winter and cooling in the summer, particularly in Erbil. However, the felt air temperature,
humidity and wind speed can increase or decrease the electrical load.

Cooler or warmer weather introduces a high demand for temperature conditioning in
tropical and subtropical countries. The main source of indoor temperature conditioning is
electricity. The fluctuation of weather can have a major impact on electricity via different
aspects such as socially and economically.

Erbil city has suffered a huge damage of electricity supply as the result of Gulf was
in 1991 and civil war between 1992-1996. Most of the stations, transmission lines and
distributional stations were destroyed. The main source of electricity for was from the
hydropower stations of Dokan and Derbandikhan in Sulaymaniya province (Kadir, 2020).

The system power load is equal to the total of all users' electrical loads. The purpose
of predicting system-level power load is to forecast future system-level electricity load. A
thorough grasp of the system's features enables the development of realistic forecasting

models and the selection of relevant models for various scenarios. Erbil city is very cold in



winter and very hot in the winter. Most people are relying on electricity for the main
sources of cooling and heating.

1.1. The Aim of the Thesis

The purpose of this thesis is to examine the link between climate change and power
usage in Irag using time series data from 2009 to 2019. To avoid omitted variables that
occur from bivariate models this thesis will apply a multivariate model by including several
variables, which are humidity, temperature, and wind speed, in order to examine
cointegration and casual relationship between climate change and energy consumption.

Research Aim 1: To review the available literature on the relationship between
climate change and energy consumption

Research Aim 2. To assess the long run and short run relationship between
electricity load and other factors such as temperature, wind speed and rate of humidity in
Erbil

1.2. Overview of Thesis

This thesis includes the following chapters. The next chapter is a literature review in
which the overview of cointegration analysis, unit root test, causality analysis and the
relationship between electricity consumption and climate factors are extensively reviewed
and presented.

The chapter three provides an overview of extensive methodologies that we will
apply in our study. It highlights the basic definition of time series including trend,
seasonality, autocorrelation and partial autocorrelation and decomposition. It provides the
methodologies for AR, MA, ARMA, and ARIMA. An extensive background of unit root
test has been discussed such as Dickey-Fuller, ADF, the Phillip Peron approach and KPSS
test. Adonal, we have provided an overview of structural breaks, vector autocorrelation

model, cointegration analysis, causality analysis and cointegration with structural beak.



The chapter four provides the main results of the study. It provides graphical
presentation to detect stationarity of time series, explanatory of data analysis, unit root test
including ADF and Phillip perron approaches. We have provided the results for
cointegration analysis using Johansen, VEC and ARDL approaches. Additionally, chapter
five provides the relevant discussion of our results obtained. Our results are compared with
other studies for the consistency and reliability of our results. Finally, an appropriate

conclusions and recommendations are given in chapter six.






2. LITERATURE REVIEW

2.1. Background

This chapter highlights the revision of various studies about the cointegration and
cointegration analysis. It reviews different methods regarding to cointegration analysis
including VEM, Johansen test, the Auto-regressive Distributed Lag cointegration (ARDL)
method, VECM Granger causality framework, linear and non-linear causality test. It also
highlights methodologies for testing unit root in relation to the electricity consumption and

climate change variables.

2.2. Relative Works

Belloumi (2009) used cointegration and causality analysis to examine Tunisia's
energy usage and GDP. The author employed the Johansen cointegration technique to
examine the causal link between per capita GDP (PCGDP) and per capita energy
consumption (PECE) using the Vector Error Correction (VEC) model. Prior to
implementing the Johansen cointegration method, multivariate cointegration between
variables is investigated. Between 1971 and 2004, data were collected. Rather than using a
vector autoregressive model, the Granger causality test was applied using a vector error
correction model (VECM) (VAR). The author discovered that the PECE and PCGDP are
linked in Tunisia using a cointegration vector. Between energy use and GDP, a long term
bi-conditional casual connection was discovered. Similarly, a short-run unidirectional
causal relationship between energy use and GDP was discovered. His findings highlighted
a critical implication: energy consumption should be viewed as a constraint on Tunisia's
GDP development. The author concluded by emphasizing the presence of energy inside the
cointegration space and a long run by conditional link between the two time series variables
(Belloumi, 2009).



Boukhelkhal and Bengana (2018) studied the link between economic development,
electricity consumption, and carbon dioxide emissions in relation to additional factors such
as average temperature and openness of trade. The research examined data from north
African nations between 1971 and 2014. The author employed the Auto-regressive
Distributed Lag cointegration (ARDL) technique, sometimes referred to as the Bounds
approach. The major goal of this study was to determine the existence of cointegration
between these variables that are used to assess long-term and casual relationships using the
Bounds testing approach. Their findings suggest that in Egypt and Algeria, there is a long
run link between economic development and CO2 emissions, whereas in Morocco, there is
a long run relationship between power consumption and CO2. The data indicate that energy
consumption is driving economic development in the aforementioned nations. Additionally,
temperature fluctuation is a key element impacting Egypt's energy usage. There are a large
number of causal links, as shown by the Yamamoto and Toda Granger causality test. Their
findings revealed that trade liberalization and economic expansion are responsible for CO2
emissions. It is worth noting that the growth theory was verified in the long and short run in
Morocco and Egypt, but not in the long run in Algeria. This indicates that the critical
component for economic development in all three countries is the ability to sustainably
increase energy output. Additionally, the author stated that rising temperatures resulted in
an increase in energy consumption, which may be a critical element in economic
development and environmental sustainability (Boukhelkhal and Bengana, 2018).

Rahman and AbulKashem (2017) evaluated industrial growth, carbon emissions,
and energy consumption in Bangladesh using empirical data from ARDL cointegration and
Granger causality analysis. Their study examined the empirical cointegration, short- and
long-run connections, and casual dynamics of industrial growth, carbon emissions, and
energy consumption in Bangladesh between 1977 and 2011. The author applied the
Granger causality test and the ARDL Bounds Testing technique on the AVR. The
evaluation of ARDL limitations and subsequent cross-checking investigations indicated
that industrial production, carbon emissions, and energy consumption are all long- and
short-term cointegrated. Energy consumption and industrial expansion have a significant

favorable influence on carbon emissions in the long and short run. According to the



causality test, there is a unidirectional causal relationship between industrial growth and
carbon emissions, energy consumption and carbon emissions, and industrial growth and
energy consumption (Rahman and AbulKashem, 2017).

Hatzigeorgiou et al in 2011 examined the causal relationships between Carbon
emission, GDP and energy intensity in Greece between the time period of 1977-2007. They
applied Granger-causality tests based on VECM for this purpose. Apart from statistical
independent test and causality test, tests Johansen multivariate cointegration rank and unit
root were applied. They have found a bidirectional and unidirectional causalities between
variables. A Variance Decomposition Analysis model based on Choleski approach was
performed and comparisons of their results with previous research were provided. They
obtained stationarity in the first differences in the selected variables, and they were
cointegrated. The author found a uni-directional causality between Carbon emission, GDP
and energy intensity and bi-directional relationship was found between Carbon emission,
GDP and energy intensity (Hatzigeorgiou et al., 2011).

Zhang et al (2019) studied Climate effects such as temperature and electricity
consumption. The objective of the study was to obtain parameter estimation of electricity
because of temperature at the country scale in China. The temperature data collecting
between 2006 and 2015 from the National Climatic Data Center (NCDC) of the National
Oceanic and Atmospheric Administration (NOAA). Fixed effect panel model has been
applied to the data and they found that increasing daily temperature influences the
electricity consumption in the rural area (Zhang et al., 2019).

In a research published in Environ Dev Sustain, the cointegration connection
between GDP and energy use in Italy was examined. He examined the relationship between
per capita GDP and per capita energy use in Italy between 1970 and 2009, using yearly
data. The time series characteristics KPSS, PP, ERS, and ADF were evaluated using four-
unit root tests. Additionally, XMR and ZA tests were used to determine the presence of
potential structural fractures. The author demonstrated that both series were non-stationary
and that the cointegration relationship between the two variables was strong. The short run
causality test established a causal link between energy use and GDP. Additionally, there

was a long-run bidirectional causal relationship between energy use and GDP. The log



transformation was used to create the two-time series. The inter-quality range method was
used to identify many outliers in the samples (Zhang et al., 2019).

Nazlioglu et al. (2014) used linear and nonlinear causation and cointegration
analysis to explore the causative connection between economic development and energy
consumption. The data were collected between 1967 and 2007 in Turkey. Three analytical
techniques were utilized in this study: linear Granger causality testing, nonlinear Granger
causality testing, and bound testing cointegration. Their findings revealed that electricity
consumption and economic growth had a long run cointegration connection. Economic
growth and power consumption had a long-run cointegration connection. The investigation
of linear Granger causality using an error correction model revealed a bidirectional causal
relationship between economic development and electricity consumption in Turkey in the
short and long term. The authors established the series' non-linearity by employing a
Dechert and Scheinkman test (Nazlioglu et al., 2014).

Another research published in 2013 by Solarin and Shahbaz evaluated the causal
relationship between urbanization, economic growth, and electricity consumption in
Angola from 1971 to 2009. The unit root tests of Lee and Strazicich, 2003, and Lee and
Strazicich, 2004 were used to evaluate the time series' stationarity characteristics. They
examined long run relationships using the ARDL bounds test in conjunction with the
Gregory—Hansen structural break cointegration method (Solarin and Shahbaz, 2013).

The Granger causality test was used to determine the direction of causation between
urbanization, electricity consumption, and economic growth using the vector error
correction model. Long range correlations were discovered, as well as bidirectional
causation between economic development and power usage. Additionally, power usage
and urbanization are causally related. The author found that Angola’'s power consumption
has a beneficial effect on economic growth in the long run, as indicated by the long run
coefficients of the ARDL, the FMOLS, and the DOLS. During the civil war, energy
consumption had a less beneficial effect on economic growth (Solarin and Shahbaz, 2013).

Johansen at (1991) has tested and hypothesized Vectors of Cointegration in
Gaussian Vector Autoregressive (VAR) Models. He presented a likelihood approach to

analyze cointegration in VAR models using seasonal dummies, constant terms and



Gaussian error. A likelihood ratio test of cointegration was discussed in order to obtain
asymptotic distribution of the test. the maximum likelihood estimator of the cointegrating
associations were characterized and structural hypothesis of these associations was
formulated. The author showed asymptotic distribution of likelihood estimator was mixed
Gaussian. The author stated that when a specific eigenvalue issue is tackled, the
eigenvalues and eigenvectors can be calculated. Chi-square distribution can be used to
inference on the cointegration rank (Johansen, 1991).

Rafindadi and Ozturk in 2017 studied an effect of renewable energy consumption
on economic growth in German using cointegration test combination. A quarterly time data
was collected between 1971Q1 and 2013QIV. A Clemente- Montanes Reyes detrended
structural break test was employed, the Bayer-Hanck combined cointegration test and the
ARDL bounds testing methods to cointegration. further, the vector error correction model
was used when causality analysis was observed. Their results illustrated that cointegration
was existed between variables of interest. They showed that 1 % increase renewable energy
boosted economic growth in Germany by 0.2194%. Further, increasing capital led to
increase in economic growth by 1.1320% while 1% rise in labor productivity boosted
0.5125% rise in economic growth. The causality relationship was existed between
economic growth and renewable energy consumption. Whilst a bi-directional relationship
was found between renewable energy consumption and capital (Rafindadi and Ozturk,
2017).

Another research published in 2012 by Shahbaz et al. examined the link between
electricity consumption, capital accumulation, and economic growth in Romania using
cointegration and causality methods. They examined the relationship between electricity
use and capital per capita consumption and economic development. The ARDL bounds
testing approach was used to examine the long term relationship between capital per capita
usage, economic growth, and electricity use from 1980 to 2011. (Muhammad Shahbaz et al,
2012). Additionally, to examine the direction of causality between capital per capita use,
economic growth, and electricity consumption, the Toda and Yamamoto (1995) non-
causality test was used to determine whether a bidirectional causal relationship existed

between capital per capita use, economic growth, and electricity consumption. Meanwhile,
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a unidirectional causal relationship between capital usage and electricity consumption was
also found. They argued that energy conservation regulations might potentially stifle
economic growth by lowering power usage (Toda and Yamamoto, 1995).

Kumar et al. (2013) examined the link between the environmental Kuznets curve
and the role of coal use in India using cointegration and causality analysis. In the case of
India, they were interested in coal use, economic development, trade openness, and carbon
emissions. The sequence of integration of the variables of interest was determined using a
structural break unit test. The long-run relationship between the variables was examined
using Pesaran et alARDL.’s bounds testing approach for cointegration. Economic growth,
coal consumption, CO2 emissions, and trade openness were all cointegrated over the long
run. Additionally, a long run and a short run environmental Kuznets curve (EKC) existed.
Carbon emissions were exacerbated by coal usage and trade liberalization. Causality
analysis revealed a feedback hypothesis between CO2 and economic growth, and the same
conclusion was reached for CO2 and coal use (Kumar et al., 2013).

Salahuddin et al in 2014 explored the association between economic growth,
reduction in poverty and financial development in Bangladesh using cointegration and
causality analysis. The quarterly data were obtained between 1975 and 2011. A structural
break unit root test was applied to examine the order of integration of the variables. They
examined long run association among variables by using ARDL bounds testing while
utilizing dummy to accommaodate for a structural break stemming in the series. The authors
found a long run association between economic growth, reduction in poverty and financial
development and financial growth assist in poverty reduction but it was not linear
(Salahuddin et al., 2014).

In 2015, Baker et al. used cointegration and causality tests to determine the link
between regional aviation and Australia's economic development. We offered empirical
evidence for a long- and short-run causal connection between regional aviation and
economic growth. The authors used data from 1985 to 2010 to study 88 regional airports in
Australia in order to determine the influence of regional air aviation on regional economic
growth. The airport activity level and real aggregate taxable income were the factors of

interest. Between variables, there existed a bidirectional connection. They discovered that
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regional airports have an effect on regional economic growth and that regional air aviation
Is directly impacted by the economy. Additionally, a significant connection was discovered
between the two series. Correlation coefficient of 0.789 was determined between the two
series. Correlations were comparable for regional airports (0.795) and distant airports
(0.690), (Baker et al., 2015).

Chontanawat conducted another study in which he examined the link between
carbon emissions, energy consumption, and economic growth in ASEAN using
cointegration and causality analysis. Between 1971 and 2015, the primary objective of this
study was to examine the connection between carbon emissions, energy consumption, and
economic production in ASEAN (Chontanawat and Jaruwan et al., 2006). The author found
that there was a long run relationship and there was causality relationship between the
interested covariates this means that energy consumption and output were cointegrated to
carbon emissions. The results from cointegration illustrated a long run association between
variables, meaning that energy consumption and economic activities were cointegrated to
carbon emissions. The results causality analysis showed the existence of the association
between these variables (Jaruwan et al., 2006).

Ramos investigated the Granger-causality link between imports, exports, and
economic development in Portugal between 1865 and 1998 in 2001 using data from 1865
to 1998. The stationarity characteristics of the data were determined by performing DF,
SDF, and PP tests on the single- and second-unit root. Their empirical findings indicated
that unidirectional causation did not exist between the variables of concern. There was a
feedback effect between the rise of exports and imports. They discovered no evidence of a
causal relationship between import and export growth (Francisco and Ramos, 2001).

Kassouri and Altintas in 2020 examined nonlinearity threshold cointegration, and
frequency domain causality relationship among Turkish Lira and stock price. They
analyzed the reaction of Modelling complex asymmetric impacts and non-linear time series
methods to find association between exchange rate and stock prices using data between
2003 and 2018. According to the authors, several kinds of economic methodologies have
been employed in order for exchange rate and Turkish stock market movements to be

characterized as dynamically intertwined. The evidence of asymmetric threshold
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cointegration indicated that the Turkish financial market can be disguised by linear time
series methods. Cointegration was found between Turkey's stock and currency markets,
showing that one market may be anticipated from the other. This contravened the
hypothesis's claims about its usefulness. He and his coworker Halil Alttas (Kassouri, 2020)
showed that they could accurately forecast the USD-Turkish lira exchange rate as well as
the money supply and interest rates when stock prices fluctuated at different frequencies.

A study by Owyong at el in 2015 was conducted under title of “Cointegration and
causality among the onshore and offshore markets for China's currency”. Granger causality
was tested using data from the onshore and offshore markets for the renminbi between 2010
and 2015. They examined how the causality associations were varied by the changes in
policy and discuss the significance of their results. They have forecasted one-month-ahead
using the estimated causality algorithm and showed that upon occasion they were consistent
with the in estimating sample. The authors discovered a greater correlation between spot
offshore and spot onshore rates than vice versa. The evidence of bi-directional nonlinear
and linear causality was discovered, implying that foreign impulses influenced the domestic
market. As a consequence of their sub-period study, they discovered that exchange rate
fluctuations were most predictable during Sub-period 1, less predictable during Sub-period
2, and basically random during Sub-period 3, while the links between offshore and onshore
markets were highest during Sub-period 3, (Owyong et al., 2015).

Esso (2010) used 1970-2007 data to examine the threshold cointegration
relationship between economic growth and energy in seven Sub-Saharan countries. The
threshold cointegration methods of Gregory and Hansen (1996 a, b) and the Granger-
causality approach of Toda and Yamamoto (1995) were utilized. The African Development
Bank's statistics and the World Bank's 2008 world development indices. In the presence of
a structural break, they discovered a cointegration connection between economic
development and energy consumption in South Africa, Cameroon, Cote d'lvoire, Ghana,
and Nigeria. Additionally, the computation of error-correction models and threshold
cointegration tests indicated that economic growth had a positive long-run influence on
energy consumption in both nations before to 1988, but this effect was reversed for Ghana

and South Africa after the breakpoint, 1988. Furthermore, the Granger causality test
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indicated a bidirectional causal link between energy consumption and real GDP in Cote
d'lvoire, and a unidirectional causal relationship between real GDP and energy
consumption in Ghana and Congo (Esso, 2010).

Bekiros and Diks (2008) used cointegration, nonlinear and linear causality methods
to analyze the connection between crude futures prices and oil spot. The data was collected
between 1991 and 1999 and 1999 to 2007. After adjusting for cointegration, they used a
novel nonparametric test for nonlinear causation and the traditional linear Granger test.
Additionally, causality was established after adjusting for the effects of other variables.
They analyzed nonlinear causal relationships between VECM filtered residuals to ascertain
when the measured causation was nonlinear. After correcting for conditional
heteroscedasticity, a GARCH-BEKK model was used to test the hypothesis of nonlinear
non-causality for the data. After filtering VECM cointegration, linear causal linkages
disappeared. Even after GARCH filtering, non-linear causal connections were identified in
specific circumstances over both time periods. Futures and spot prices may exhibit
asymmetric GARCH effects and statistically significant higher order conditional moments
as a result. They contended that when nonlinear factors are included, neither market
consistently leads or lags the other, and that the pattern of leads and lags fluctuates over
time (Diks, 2008).

Esso and Keho (2016) conducted another study in which they evaluated the long-
run and causative relationships between energy consumption, CO2 emissions, and
economic growth in 12 Sub-Saharan African nations. Annual data from 1971 to 2010 were
subjected to the Bounds test for Granger causality and cointegration. In the Democratic
Republic of Congo, Ghana, Benin, Nigeria, and Senegal, Granger causality studies found
evidence of economic expansion affecting carbon emissions in the short term, suggesting
that economic development cannot be achieved without influencing the environment. For
Gabon, Nigeria, and Togo, reverse causation was shown between CO2 emissions and
economic growth, implying that environmental initiatives aimed at reducing air pollution
may have a detrimental effect on economic growth. Additionally, a bidirectional causal
relationship between economic growth and carbon emissions was discovered in the short

run for Nigeria and in the long run for Gabon and Congo. In the long run, economic
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expansion and energy consumption in Benin, Togo, Cote d'Ivoire, Senegal, Nigeria, and
South Africa result in carbon emissions (Esso and Keho, 2016).

Shahbaz et al. (2012) examined the relationship between economic growth, carbon
(CO2) emissions, energy consumption, and Pakistan's trade openness. The statistics were
collected between 1971 and 2009. The empirical investigation used the Bounds test for
cointegration and the Granger causality technique. Granger causality testing indicated a
one-way causal relationship between income and carbon emissions. Energy usage increased
both long-term and short-term CO2 emissions. Trade liberalization reduced carbon
emissions in the long run but had a negligible effect in the short term. The presence of EKC
demonstrated the country's efforts to reduce carbon emissions. This demonstrates the
government's success in reversing environmental deterioration in Pakistan from the start of
the NEP in 2005. On the other hand, conclusions based on aggregated data cannot
adequately depict the trend of four provinces separately. The functioning of NEP alone was
insufficient (Shahbaz et al., 2012).

Gebre-Mariam (2011) conducted a study to determine the unit root, causation,
cointegration, and efficiency of the northwest US natural gas market. They examined the
natural gas market's unit roots, causation, cointegration, and efficiency using the Northwest
US natural gas markets as a case study. The research conducted a variety of statistical
analysis on data from the spot and futures markets. The results revealed that after the first
differencing, natural gas market prices remained stable and that spot and futures natural gas
prices move in the same way. The influence of the spot price on futures prices was
substantial for contracts with a maturity date of about six months (Mariam, 2011).

Alvarado et al. (2019) used causality and cointegration analysis to examine the
causative link between non-sustainable energy, real per capita production and the growth
rates of sustainable energy consumption in Latin America. Pedroni (1999) and Westerlund
(2007) utilized cointegration methods to determine the link between the variables, whereas
Dumitrescu and Hurlin (2012) used causality tests. We utilized a panel dynamic ordinary
least squares model for grouped nations and a dynamic ordinary least squares model for
individual countries to determine the intensity of the cointegration vector. They identified a

short- and long-term equilibrium connection between renewable energy consumption



15

growth rates, non-renewable energy consumption growth rates, and real per capita output
growth. The vector of cointegration between renewable energy and production was more
powerful in countries with a medium-low or medium-high income. The cointegration
vector between production and non-renewable energy was higher in high-income countries.
The causality test found a bidirectional relationship between renewable energy and real per
capita productivity in low-middle income countries (Alvarado et al., 2019).

Bélad and Abderrahmani (2013) investigated the link between economic
development and power consumption in Algeria using a multivariate causality analysis in
the context of structural change. The objective of this study was to investigate and evaluate
the causal link between power usage, Brent oil prices, and Algeria’s GDP between 1971
and 2010. We used a multivariate cointegration approach based on recent advances in time
series analysis to explore short-run, long-run, and joint causation relationships. There was a
bidirectional relationship between energy use and GDP in both the long and short run.
Additionally, the study discovered no clear correlation between electricity use and the price
of Brent crude oil (Bélad and Abderrahmani, 2013).

Johansen's (1993) recursive cointegration technique was used to explore the
consequences of the time varying nature of both the connection between five markets. They
observed a substantial cointegration between the three metal prices, oil prices, and the US
dollar exchange rate during the period following 1995. Additionally, the European
sovereign debt crisis between 2010 and 2012 had an effect on the connection between these
five markets. There was a positive long run correlation with gold price for the duration of
the study period, however structural breakdowns in the two correlations occurred at various
periods. After 2003, the commodities growth of ETFs erodes silver and copper prices'
effect on gold prices. For the majority of the period following 2009, the link between silver
and gold prices was negligible, while the association between copper and gold prices was
negligible due to the influence of China's sharp decline in copper consumption following
2012. Additionally, the authors observed that the long-term link between oil and gold prices
was negative before to 2003 and became murky during the Irag War. The US dollar has
traditionally decreased gold prices, and the correlation was especially significant following
the January 1999 introduction of the Euro. They discovered that gold and oil prices do not
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have a long-run causal connection. While there was a long-run causal link between gold,
silver, and copper prices, the long-run causal relationship between gold and copper prices
was negligible during the 2008-2009 global financial crisis (Mei-Se et al, 2008).



3. MATERIALS AND METHODS

This chapter provides an overview of extensive methodologies that we will apply in
our study. It highlights the basic definition of time series including trend, seasonality,
autocorrelation and partial autocorrelation and decomposition. It provides the
methodologies for AR, MA, ARMA, and ARIMA. An extensive background of unit root
test has been discussed such as Dickey-Fuller, ADF, the Phillip Peron approach and KPPS
test. We have provided an overview of vector autocorrelation model, cointegration analysis
and ARDL method.

3.1. Time Series

A time series is a collection of observations made over time, in which the time
dimension is critical for determining annual, monthly, weekly, and daily activity.
Economic, social, environmental, commercial/business, medical, and biological areas all
have a plethora of time series. There are two theoretically distinct methods for collecting
time series data. The first method is to observe the data for a certain timestamp, which may
occur infrequently or periodically. This may be a time series for a district. The second
method is to constantly record data at the time interval. Numerous techniques are utilized to
conduct time series analysis in order to make inferences about the data's characteristics
(Falk, 2012).

The objective of analyzing time series data can be as follows:

1- To describe a data value to make time series, thus summary of data can be
beneficial. Descriptions could be based on the idea of using visuals and they might
be expressed through a mathematical model.

2- To understand that could be connected to the uncovering of structure — for

example, identification and quantification of regular cyclic behavior.
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3- To forecast future values as the basis for decisions and quantifying forecast
errors.

4- Time series data can be categorized as either stationary or non-stationary.

Stationarity refers to the fact that the mean and variance remain constant across
time. When the characteristics of a time series remain constant throughout time, even
though the series' values change, the potential of predicting future behavior becomes
possible. Stationarity may be described as the probabilistic model underlying the observed
series non-stationarity: this refers to the fact that the mean and variance of time series data
do not remain constant across time. This might be statistics relating to a trend or seasonality
(Falk, 2012).

3.1.1. Trend

Trent is a general smooth tendency to rise or fall, ignoring short-term fluctuations.
The increase and decrease movement can be described by trend of the time series which
can be non-linear. The seasonal fluctuation could be year-to-year (Hyndman and
Athanasopoulos, 2018).

3.1.2. Seasonality

Seasonality can be defined as a pattern of variation related with time of year,
repeated from year to year. Seasonality pattern can be repeated daily, weekly, monthly or
yearly. To identify seasonality in the time series data, a simple method can be used which is
a graphical inspection using different scale. There are many ways to incorporate seasonality
once it is detected in the model to have better forecasting value. This can be done by adding
seasonality term in the model (Hyndman and Athanasopoulos, 2018).
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3.1.3. Autocorrelation and partial autocorrelation

In time series, auto-correlation calculates the linear association among lagged values
of a time series data. This means that time series is linearly associated with lagged a value
which measures the degree of similarity among lags and time series. The reason that
autocorrelation is important is that forecasting time series using some methods requires the
assumption of no autocorrelation in the residuals (Hyndman and Athanasopoulos, 2018).

The mathematical equation of autocorrelation can be written as follow:

X 1= Y k=T)
- Z?:l(yt_ry)z (3'1)

Tk
T is the length of time series. A Correlogram which is known as ACF plot can be
used to investigate the lags that have great correlation, detecting patterns, understanding

properties and model time series by using this information. The ACF graph looks like the

following.
Residual ACF
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Figure 3.1. Residual of auto correlation function

In figure 3.1 the ACF graph can be used to assess the stationarity of time series data.
it can reveal seasonality and trend patterns. Each bar in ACF plot represents direction and

size of the correlation (Hyndman and Athanasopoulos, 2018).
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On the other hand, the correlation among lagged versions of itself and a time series
is measured by the partial correlation function (PACF). The PACF is used to determine the
correlation between data points at time t and data at time t2. Additionally, graphic

approaches can be used to analyze the PACF. The graph can be as follow:

Residual PACF
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Figure 3.2. Residual of partial auto correlation function.

In figure 3.2 the PACF plots partial autocorrelation coefficients at lag h versus time
to examine whether the AR model is suitable for the data and to identifying orders in AR
model. The most used approach to calculate partial autocorrelation coefficients is by using

the equation the following equation.

cov(yi,Yi—nlYi-1,-Yi-h+1) (3.2)
Vvar(yilyi-1,¥i—h+ 1) Var Qi plYi-1,--Yi-h+1)

The above equation is for the h™ order partial autocorrelation Hamilton, (1994). The
PACF is usually used to identify the order of an autoregressive integrated moving

average (ARIMA) model (Hyndman and Athanasopoulos, 2018).
3.1.4. Decomposition
Decomposition means estimation of the components of I;, S; , C;and T, where I,,

S, , C.and T, are noise, seasonal, cycle and trend components respectively. Decomposition

can be useful due to the components that may be of interest. It can be used to examine


https://www.sciencedirect.com/topics/mathematics/autoregressive-integrated-moving-average
https://www.sciencedirect.com/topics/mathematics/autoregressive-integrated-moving-average
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seasonal variation. Second, it becomes seasonal adjustment, which is the process of
subtracting predicted seasonal influences from the original series in order to expose any
underlying changes more clearly. Monthly economic and unemployment statistics are
typically de-seasonalized in this way to facilitate month-to-month comparisons. Finally, if
the model performs poorly as a result of the trend or seasonal component, we must address
the issue in the specific component, not the complete model, which is generally more
sophisticated in comparison to the component (Hyndman, R.J. and Athanasopoulos, G,
2018).

3.1.4.1. Additive decomposition

If additive decomposition was assumed, the model can be as follow:

yt:Tt+Ct+St+It

This is addictive model which is more suitable when the seasonal fluctuation does

not differ from time series level (Hyndman and Athanasopoulos, 2018).

3.1.4.2. Multiplicative decomposition

Multiplicative decomposition is widely used in case of having economic time series
data. It is suitable in case of existence of variation around trend or seasonal as a

proportional to the time series level. The model can be as follow:

Y =T +Ce* S+ 1

The alternative approach of addictive and multiplicative decomposition can be used

which is transforming data (Hyndman and Athanasopoulos, 2018).
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3.2. ARMA Model

ARMA is a forecasting model in which both auto-regression (AR) analysis and
moving average (MA) are used to well-behaved time series data. In ARMA, it is assumed
that the time series is stationary and that when it varies, it does so evenly around a
particular instant of time (Gordon et al., 2020).

Auto regressive (AR) model uses the current value is influenced by previous values

to forecast next step ahead.
Zt = Q)lzt—l + ®Zzt—2 + ®3Zt_3 + -+ ®pzt—p + ut (33)

U, ~N (0,6%)

A simple way to provide AR order p and more complex models is through the
backward shift operator B. this can be defined as a functional who allows us to express long

formulae in compact form. In the context of a stochastic process, we define B so that.

Z; = ®1Zt—1 + QZZt—Z + ®3Zt—3 + -+ (Z)pzt_p + u,

Z— 01Zi 1 — D2zp 5 — D324 53— — DpZi_p = Uy

2,(1— 018 — 0,8 — B3B3 — - — 0,BP) = u,

Let(1— 018 — ©28% — 03B° — - — 0,B7) = OB

0Bz, = u, (3.4)

Where @(B) = (1 — aB); here @ (B) is a polynomial of degree one of B.
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3.2.1. Moving average model (MA)

MA is a method used to model the time series data with trends. This is very useful
to forecast trends especially when the trend is long term. MA model is using errors from

past forecast in a regression model. The MA model of order g can be defined as follow:

z;=e;— 016, 1 — 036, 5 — 03,3 — - —04€;_4

MA(1)

z,=e,—0.e,_4 (3.5)
e, ~N(0,0?)

Where e,is the white noise? z, is a weighted moving average of the past forecast

errors (Hyndman and Athanasopoulos, 2018).

3.2.2. ARMA

ARMA is an autoregressive moving average model in which the value is stated as a
linear mix of white noise and historical data. The ARMA model of order p and g consists of
AR (p) and MA(q) that can be as follow:

Zt = @1Zt_1 + szt_z + b + (Z)pZt_p + et - 01et_1 - Bzet_z R qut—q (36)

The parameters of the above equations @; can be estimated using maximum
likelihood methods and mean least squares methods. The ARMA model is very vital in the
time series analysis description and widely used in regard with AR models (Gregory et al.,

2015). The backshift operator can be written in the model as follow:

Zy— 012, 1 — D222 — - — DpZep =€, — 018, 1 — 028, 2 — - — g€
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z,(1— 018 — ;8% — - — 0,B7) = e,(1 — 018 — 6,5% — - — 6, B)
OB = (1— 018 — 0:8% — - — 0, BP)
0 =(1—6,8—0,p%—--—0,B7)

2,0 = e.0B 3.7)
3.2.3. ARIMA

Autoregressive integrated moving average (ARIMA) is indicated by Box and
Jenkins as an autoregressive integrated moving average model (1976). The constant mean
and variance cannot be always obtained in the time series data. This leads to non-
stationarity time series data. ARIMA model is widely used to forecast future values. The
model allows a non-zero auto-correlation function. When they are being utilized for
stationary time series data, the ARIMA models must be employed. Differencing method
should be utilized if the data isn't stationary (Hyndman and Athanasopoulos, 2018). The

ARIMA model can be written as follows:

OBz, = OPe,

Opw, = OBe,

w, = Pz,

W= 01Wiq + DoWe_p + -+ @th—p + e —01e, 14— 026, ,——04e4
w,=Viz, = z, —z, 4

Zi—Zy 1= 0121 — 242) + 02(Z4 2 — 24 3) + -+ 0p(Z4p — Z4p) + €, — 016, 4

- ezet—z -t eqet—q

Zy— 2 1 =012t 1 — P1Ze 2+ D2Z 2 — D2Zp 3+ + OpZip — DpZsp) + €

— 60,6, 1 —02e, 2 —-—04e,4
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2= (1+ 0121+ (D2 — 0122 + (@3 — 02)Z 3+ + ((Dp—l - (Dp—Z)Zt—p—l +

e,—0.e,1—0ze, ,—-—04e 4 (3.8)

3.3. Unit Root

A unit root is defined as a sequence which includes one or more characteristic roots.
In any time series, a unit root can be referred as a stochastic trend. For example, in case of

having AR (1) as follow:
Zy =012 9 + U (3.9)

u, is a white noise, If the @; = 1, then we can say that z, has a unit root. The
process of unit root is not stationary in which it known as random walk model. The time
series data can be stationary using differencing. This means the process has unit root which
the recent value of z, equals to last value of z, — 1 in addition to error terms. It is very
important for the time series to be stationary, because correlation can make the series non-
stationary even in case of having large sample size. Thus, we can differencing the time
series data to achieve stationarity (Wei, 2006)

Different methods are available in order to test unit root including Dickey-fuller,
Augment Dickey-fuller, the Phillip Peron and Durbin-Watson (DW). These approaches are

most commonly used among others.
3.3.1. Dickey Fuller

In the test of Dickey Fuller, the null hypothesis of AR model has a unit root is
tested. The parameter estimation of the test can be obtained using OLS and t-test. The test
is developed by Dickey and Fuller in 1979 as they examined the existence of unit root in

the AR in the first order. Three versions of tests of AR processes were found as follows:

1. Unit root test



26

AZt == @Zt_l + ut (311)
2. Unit root test with constant which is called drift:

Az, =ag+ Pz, 1 +u, (3.12)

3. Unit root test with drift and deterministic time trend:

Az, = ag+ at + 0z + u, (3.13)

The assumptions are z, = 0 and u, is independent identically distributed, i.i.d

(0, ). The test hypothesis can be written as follows:
HO: Q) = 1
H1: |®| < 1

When a = 1, it means that there is unit root. The time series is stationary with zero
mean in case p > 0. The assumption of using Dickey-fuller is that the error term U, is
uncorrelated. When U, is correlated, he Augmented Dickey-Fuller (ADF) can be used. The
limitation of Dickey fuller is that it does not take auto correlation into consideration in the
process of error term U,. In order to tackle this issue, the ADF can be applied by utilizing

the difference lagged dependent covariate as independent covariates (Fuller, 1979).

3.3.2. Augment Dickey Fuller (ADF)

The ADF is an extended augmented version of Dickey Fuller test in which serial
correlation is accommodated. It is also set for more and large complex models. Unlike DF
test the ADF test can be used for the higher order of AR model. The test can be used to test
the stationarity of time series. The procedure of the test is similar to the Dickey Fuller
except AR (p) can be considered here as follows:

The equation of the ADF test can be as follow to test the unit root:
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Az =Bo+ B2z + X0 0izey +u, (3.14)

Where z, is the value of a variable at time period t, Az, = z; — z;_4, By denotes a
constant term; t is a linear time trend and u, is an error term. The null hypothesis of the
ADF test is that the parameters are equal to zero in which the time series data is not
stationary. The alternative hypothesis which is the parameters are not zero.

The DF test can be compared with appropriate critical value. Because the test is
asymmetrical, negative values are our concern. If the computed test statistic is more
negative (lees) than critical value, we can reject null hypothesis and the time series data has
no unit root (Said and Dickey, 1984).

3.3.3. The Phillip Peron

The test of many unit roots is developed by Phillips and Perron (1988). Nowadays,
the test is widely used in the time series analysis especially in case of having financial data.
The PP test differs from the ADF test especially the way the PP test deals with
heteroskedasticity and serial correlation in the errors. Particularly, a parametric auto-
regression can be used to approximate ARMA structure of the errors. In the test regression,

a serial correlation can be ignored in the PP test. The test can be as follow:
AZt = ﬁ’Dt + 1'[Zt_1 + ut (315)

Here u,is | (0) and can be heteroskedastic. The heteroskedasticity and serial
correlation in errors of u, can be corrected by the PP test. The test statistics can be

modified to ¢, = 0 and T7. The modification can be given by Y, and Y, are given by

1 ~
(a2 1/R-8%\ (T.SE®)

2 &) s
Y, =Ta -0 (32 - 3?) (3.16)
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Here the variance of parameters of 2 and A2 are consistent

0% = limy_,, T 1 Y1, E[u?] (3.17)

A% =limy_ ., YI_, E[T~15?] (3.18)

Again §, ¥T_, u, . We have consistent least square residuals i, of sample variance.
Additionally, the Newey-West long-run estimation of variance of wu,applying 4, is a
consistent estimate of 22, The same asymptotic distribution as the ADF can be obtained for
the PP Y, and Y, under the null hypothesis which is T = 0. One of the advantages of the
PP test is that it can be robust to the general form of heteroskedasticity in the error term u,
unlike the ADF test. Also, it is not necessary to specify lag length for the test (Phillips and
Perron, 1988).

3.3.4. KPSS test

The unit root tests of PP and ADF are for the Hy which a time series z; is 1(1). On
the other hand, stationarity tests are for the Hy which z, is | (0). Thus, KPSS is the most
widely used test which is proposed by Kwiatkowski, Phillips, Schmidt and Shin (1992).

They started to test the following mode:
Zt = ®,Dt + I’lt + ut (319)

My = 1+ &, §,~WN(O, 03)

The deterministic components are included in D, (constant with time trend or
constant), u, is | (0) and heteroskedastic may be present. The pure random walk is donated
by u, with a2 which is innovation variance of that random walk. The hypothesis is as

follows:
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Hy:6%2=0

Hy:02+0

The null hypothesis displays a constant u,. The H, also displays a unit MA root in
the ARMA characterization of Az,.the score statistic to test 2 = 0 against the alternative

which % > 0 can be given as follow:

KPSS = (T"1x7_,8%)/A* (3.20)

Here, Z;=1ﬁj; i, = S, which represent the regression residuals of z, on D, and 22

represents a consistent estimate of the long-run variance of u, utilizing u,. The authors
showed that z, is | (0) under H, any they illustrated that the convergence of KPSS can be
obtained to standard Brownian motion function which relays on the form of the

deterministic terms D, but not the values of parameters of g.If D, = 1 then

d 1
KPSS > [V, (r)dr (3.21)

Where V4(r) = W(r) —rW(1) and W(r) is a standard Brownian motion for r €
[0,1] if D, = (1,¢t)' then

d 1
KPSS > [V, (r)dr (3.22)

Where V,(r) = W(r) —r(2 — 3r)W(1) + 6r(r? — 1) [, W, ds.

We shall obtain critical values from the asymptotic distributions (3.21) and (3.22)
using simulation approaches. The test for stationarity is a one-sided right-tailed test. The

null of stationarity can be rejected at the 100 - 0% level if the KPSS test statistic (3.20) is
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more than the 100, (1 —a) % quantile from the appropriate asymptotic distribution (3.21) or
(3.22) (Kwiatkowski and Shin, 1992).

3.4. VAR Model

Sims proposed a Vector auto-regressive (VAR) models which can eb used to
capture the interdependency and dynamics of multivariate time series. AR models are only
considering one time series Z;, while VAR models multiple time series. It is known as a
generalization of univariate AR models or a mix among univariate time series models and
parallel equations models. The main concenters are on the parameter estimation and model
specification. Let is assume a k-dimensional multivariate time series Z,... Z, with Z, =

(Z4¢, ..., Zy;). This can be generated by VAR model. The basic Var model with p lags can

be given by:
Zt =PV + Q)th_l + @Zzt_z + b + prt_p + ut (338)
t=123,..,T

Here Z;= (Z14, Z3¢, ... , Zy) ' which is donated by a (k x 1) vector of time series
covariates. v is a (k x 1) vector of intercepts. @,, Are (k x k) coefficient matrices, and
u, is a (k x 1) error term with zero-mean white noise vector process.

The evaluation of k sets of variables over time period can be described by a VAR
model. Each time period can be numbered ast =1, ..., T. three assumptions should be made

by the error terms as follows:

Errors have zero mean, E(u;) = 0

1-E(usu;) = Q. The error terms is a k x k positive-semi definite matrix denoted Q
2-E(u,u;_;) = 0. For any non-zero k. There is no association between times.
Selecting maximum lag in the model needs special caution. This is because

inference is dependent on the accuracy of chosen lag order (Brooks, 2002). There are three
assumptions with the VAR model. The first assumption is that the intervals among


https://en.wikipedia.org/wiki/Positive-definite_matrix
https://en.wikipedia.org/wiki/Correlation
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measurements have same length. The second assumption is that the observations are
normally distributed with mean vector and covariance matrix X. We can tackle the issue of
violating second assumption using mixture distribution. It is assumed in VAR that the time

series is stationary (Liitkepohl, 2005).

3.5. Co-integration Analysis

Cointegration analysis concentrates on testing whether long run relationship is
stationary between several time series. This long run can be measured and tested utilizing
the idea of cointegration. Cointegration can occur in case several time series datasets have
long run equilibrium, move together and sharing common stochastic trend. To test
cointegration, it can be considered whether there are multiple cointegrating vectors,
whether the cointegration vector is known and are there any structural breaks in the
cointegration relationships. The cointegration test can be used to identify the degree of
sensitivity of several datasets in a period of time (Erica, 2020).

According Marseet and Khadija (2015), several approaches can be used to test long
run cointegration between two or more set of data. Long run association between variables
can be assessed using cointegration analysis. Cointegration between variables indicates that
a long run or equilibrium association exists between variables. If a time series is not
stationary, but they may more together through time and their difference can be stationary.
The long run linkage between variables means the system coverages through time and we
can interpret the error term as the disequilibrium over time. A great method has been
emerged by cointegration to examine multivariate time series trends and providing a
technique for long run and short run relationship between variables (Marseet and Khadija,
2015).

Many approaches are available to investigate the fact that integrated variables of
order one may have a cointegration. When each covariate in the set of variables is
integrated of the equal order, and when at least one linear combination exists among those
variables, this can be called as stationary. Testing for cointegration means that we are

testing the presence of long run relationship. These methods need to some order of
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integration for investigating long-run connection between the two sets of data (Marseet and
Khadija, 2015).

3.5.1. Johansen (VECM)

Johansen test based on VECM consists of two tests which are the maximal Eigen
value and the trace test. These tests can be used for long run relationship based on the
VECM. VECN models can be estimated using different assumption such as the model with
or without constant or trend and with different number of cointegration vectors. Then
models can be compared using likelihood ratio test. The trace test can be obtained using

likelihood ration test of a restricted VECM versus unrestricted VECM with k vectors.

The basic VECM cab is as follow for k lags:

Ay, =y, + T1Ay; 4 + LAY, 2 + - + T 1AV -1y + Ue (3.43)
Where n=3c.8)-1,
And ;= (Xj1Bi) — I

The T is the parameters which can be referred as short run matrices. Nevertheless, the
concentrate here on the Johansen’s cointegration IT which referred as long run parameter
matrix. The rank of IT can be investigated to define the cointegration between covariates
using IT matrix (Franses, 1998). The formula for the test statistics can be as follow:

Arace@) =-TY) . In(1-12)) (3.44)

i=r+1

Amax = —-TIn(1—2; + 1) (3.45)

It can be noticed that A is the obtained values for the ordered Eigen values from the
IT matrix and r cointegrating vectors with H,. Also, T denotes the total number of
observations. The null hypothesis of the trace test is that there are r cointegration vectors,

whereas the alternative hypothesis is that there are more than r cointegration vectors. The
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null hypothesis for the maximum test is that there are r cointegration vectors, as opposed to
the alternative hypothesis that there are more than r + 1 cointegration vectors.

VECM can be used for investigating the short-term association among variables. It
has some advantages over VAR. this is because VAR has the issue of possibility of

misspecification in the first differences (Franses, 1998).

3.5.2. Autoregressive distributed lag (ARDL)

Testing cointegration using Johansen procedure needs that all integrated variables to
be in the same order. These may not occur every time. Thus, an alternative approach has
been developed by Pesaran et al in 2001. This is known based testing that is auto-regressive
distributed lag model. The assumption that variables should be integrated in the same
sequence is not required. Unlike Johnsen, the method is more suitable in case of small
sample. Implementing and interpreting are quite straightforward because it has one
equation.

The method of ARDL has many benefits in comparison with historical cointegration

test as follows:

eltis resilient and analyzing 1 (0) and/or 1(1) is allowed.

e Interpretation and computing ARDL method are easy because of one equation.

e Various number of lag lengths can be used in the model with various covariates.

o |t is appropriate in case of having small sample.

e[t is possible to acquire an unbiased estimate of the long term connection.

eThe issues of endogeneity and autocorrelation can be addressed (Jalil and Ma,
2008).

The ARDL (p, q) model as:

Yyt =apta; + Z?:l DiVe-i + B'X¢ + Z;L_ol Bi AXy_j + uy (3.46)
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AXt = PlAXt_l + PZAxt_Z + -+ PSAXt_S + ut (3.47)

When x, contaions k-dimensional | (1) non-cointegrated covariates, P; is the
parameter matrix that generates a stable autoregressive process, and u, represents white
noise error term (Peseran et al., 2001). The bound testing technique may be used to conduct
a cointegration test for the ARDL approach. Additionally, the test has two sets of
asymptotic values in which all variables are assumed to be I (1) in one set and 1(0) in the
other. For both the 1 (1) and I1(0) data sets, the two sets can provide critical value limits for

cointegration. Three steps are needed to apply the ARDL procedure:

1- Bounds testing procedure should be applied to detect cointegration ranks among

covariates.

2- Long run relationship parameter can be estimated with respect to cointegration

relations estimated in first step.

3- Short run dynamic parameters can be estimated through vector error (Peseran et

al., 2001).

The ARDL cointegration approach is more appropriate when covariates are
integrated in the order | (0), I (1), or a mixture of both. If a single long run link exists
between variables with a small sample size, the test is robust. There are some requirements
for the application of ARDL as follows:

First, the ARDL technique may be utilized regardless of whether the variables are |
(0), I (1), or a combination of both. This enables us avoiding pre-testing issues related with
cointegration analysis that classifying variables into I (0), I (1) is required. This means that
we do not need to pre-test variables is not needed for the bound cointegration testing
technique.

Second, when the test statistics indicate the presence of a single long run connection
and the sample size is small or finite, the ARDL's error correction representation can be
more efficient.

Third, when the test statistics reveals the existence of a multiple long run

relationship, we cannot use the ARDL method. Thus, we can apply an alternative method
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such as Johansen and Juselius (1990). This means that if there are different single equation
of variables as dependent variable, a multivariate techniques can be used.

Fourth, If the maximum eigenvalue, the F-statistics, or the generates a single long-
run connection, the ARDL technique may be employed instead of the Johansen and Juselius
approach (Peseran et al., 2001).

3.6. Cointegration with Structural Break

The power of cointegration can be affected by presence of structural breaks.
Spurious unit root behavior can be introduced by a structural break. Thus, it is difficult to
reject null hypothesis of no cointegration. Neglecting the problem of structural break leads
to inaccurate statistical results of cointegration analysis. It is important to make suitable
adjustment when the structural breaks are known. To analysis the data, it can be assumed
that the break date in unknown. This is because tests can be applied to find the most
appropriate structural breaks in the data set. There are many approaches available for
cointegration analysis with structural breaks. However, here the methods of Gregory and

Hansen (1996) and Hatemi-J (2008) can be discussed and applied in study our study.

3.6.1. Gregory and Hansen (1996)

Gregory and Hansen (1996) developed a method as an extension of residual-based
cointegration testing that takes into account the potential of unforeseen regime changes in
either the coefficient or the intercept vector. The null hypothesis is that no cointegration
occurs when a structural break occurs, whereas the alternative hypothesis is that
cointegration occurs when a structural break occurs. Using ADF test for cointegration
analysis without time regime shift could lead to false conclusion that the long run
relationship is not exist between dependent covariate and its determinants. The probability
of rejecting the null hypothesis is higher with the Gregory and Hansen test. Different
assumptions about structural break are mentioned in the proposed method by Gregory and

Hansen as follows: The first assumption is the level shift:
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y: +ay + a,D (1) + 6. X, + e; (3.48)

The second assumption is the level shift with trend:

yet+ay+a,D(t)+y,+ 6, X+ e (3.49)

The third assumption is the regime shift:

y: +ay + a;D () + 6, X; + 6,X:D.(T) + €; (3.50)

The categorical variable DU, in which takes 0 when t < b and one when t > b.
Here, t is time trend and b is the time that the structural break happens. It has been shown
that the length lag, k can be selected based on a test statistic following the same procedure
of (Perron and Vogelsang, 1992).

The GH test assumes unknown structural break time; thus the structural break is
endogenously determined. Three test statistics: ADF* = inf .y ADF,Z{ = inf 1t Z;,Z; =
inf .1 Z, are proposed, that is the modified version of the Engel and Granger (1987)

cointegration test. Z{ = iren1f Z, (t) and Z; = inf .y Z, (t) which can be considered as a
T

modification version of Phillips and Quliaris (1990). The lowest value of the three test
statistics can be considered as the break point. The GH utilizes a modified Mackinnon
(1991) critical value for the cointegration test. These critical values vary from the critical
values utilized by the Engle and Granger method (Gregory and Hansen, 1996).

3.6.2. Hatemi-J (2008)

Three residual based tests are extended by (Hatemi-J, 2008) for cointegration which
takes to consideration two shifts. There is unknown timing of each shift, and it is
determined. There are no standard distributions of the tests. Critical values can be
calculated using simulation approach. Hatemi-J extended the tests for cointegration by

taking the possibility of two structural shifts into consideration. To consider the impact of
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two structural breaks on both the slop and intercept, the author generalized following

equations:

Ve = g+ a; Dy + azDyy + Boxe + B1D1eXy + B Doex, + Uy (3.51)

Where Dy; and D,; are dummy variables defined as
D.. = {0 if t<[nt]

=1 ift> [nry]
And

_ (0 ift<[nt,]
DZt‘{1 ift> o]

T, and nt, € (0, 1) are unknown parameters. This signifying integer part and

relative timing of the break change point (Hatemi, 2008).

ADF test can be computed to test null hypothesis by corresponding t-test for the
slop of u, onu,_,. The null hypothesis is that there is no cointegration. Here 4, is a
calculated error term from the above equation. The Z, and Z, tests can be calculated using

the bias-corrected first-order serial correlation coefficient estimate p*, as follow:

. S @ee -3 w(L)PG)
p = Zn_l ﬁZ
t=1 “t

(3.52)

The function, w(.), provides kernel weights to meet standard conditions for a
density estimator, B is the number satisfying the conditions of B — oo and B/n5 = O (1),

and ¥ (j) donates an autocovariance function. The autocovariance function can be given by:
e 1 - e o ass
y() = ;Z{=j+1(ut—j - put—j—l)(ut — PU;_q) (3.53)

Where p denotes parameter estimate of the effect with no intercept of #,_4 on u, .
The Z, and Z, test statistics can be as follow:
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Zy=—— & (3.54)
@O)+2%;_ w(/B)Y())/ X1 Uz

Where ¥(0) + 2 Z}il w(j/B)¥(j) can be defined as the long-run variance estimate
of the residuals of @, on #,_;. These tests have no distribution and the asymptotic
distribution of ADF is identical to the distribution of Z, distribution.

The test statistics are the lowest values of these three tests among values for 7, and
T,, With T; € T1 = (0.15, 0.70) and 7, € T, = (0.15+7, 0.85). The reason of selecting the
lowest value for each test statistic is that the lowest value shows the empirical evidence

against the null hypothesis. These test statistics are defined as

ADF* = inf(Tl,Tz)ET ADF(TLTZ); (355)
Z; = inf, o yer Z:(T1,T2), (3.56)
Zfz = inf(‘rl,rz)ET Za(rlt TZ)' (357)

Here, T = (0.15n, 0.85n). The concept to truncate the data by 15% on each side
follows the idea of Gregory and Hansen (1996). Depending on the same logic, distance

between the two regimes shifts be at least 15% can be applied (Hatemi, 2008).



4. RESULTS

This chapter provides the main results of the study. It provides graphical
presentation to detect stationarity of time series, explanatory of data analysis, unit root test
including ADF and Phillip Perron approaches. We have provided the results for
cointegration analysis using Johansen, VEC and ARDL approaches.

4.1. Explanatory Data Analysis

We have provided some descriptive statistics for the data in order to know the
characteristic of the data set. The descriptive statistics for the data including mean and standard

deviation have been calculated. We have collected the data between 2009 and 2019.

Table 4.1. Descriptive statistics of the obtained data

Variable N Mean Std. Dev. Min. Max.

Total electricity load 132 23451.36 8645.417 53880.58 53880.58

Rate of humidity 132 38.79517 7.273610 13.90189 62.58136
Tempreture 132 21.96987 1.466530 16.69333 27.20889
Wind speed 132 6.165348 3.595883 1.375000 17.54000

Table 4.1 shows that the average electricity load is 23,451.36 KW in 10 years while
the average of humidity rate is 38.8. The average of temperature in Erbil is below 22 for 10
years. Additionally, the average of maximum wind speed is 6.2 () for 10 years in Erbil.

4.1.1. Data
We have obtained data from two sources for the period of 2009 and 2019. Several

variables were collected including wind speed, temperature, electricity load, rate of

humidity and time. The electricity load data is obtained from Erbil directorate of electricity.
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Wind speed, temperature and rate of humidity are obtained from general directorate of

agricultural and weather.

4.1.2. Variable explanation

All the variables will be explained in detail in terms of their unit measurement. The
variables are electricity load, humidity, temperature, wind speed and time.

41.2.1. Load

The electricity load is the sum of total consumer. We have collected this data
because we want to do forecasting the future values of electricity load in Erbil. The data is
numerical, and it is collected from 2009 to 2019.the data is hourly electricity load which
covers the period starting on (Jun 1, 2009) and ending on (Dec 31, 2019). Understanding
the characteristics of electricity load can help us to forecast accurately and better model
selection. There are many factors affecting electricity load which is defined as time and

weather.

4.1.2.2. Humidity rate

The level of humidity in atmosphere can be influenced by weather variables such as
air conditioning that leads to cooling loads in summer. The impact of humidity is greatly
noticeable especially if there is high temperature. Humidity can affect power frequency as
the power will be lower when humidity arises (Yang et al., 2018). Seasonal discomfort or
heat stress equivalent is measured by the temperature humidity index, which depends on
both surface air temperature and relative humidity. It typically has the highest association
with season load and has an effect on electricity consumption only above a set cutoff

temperature (Panjwani and Narejo, 2014).
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4.1.2.3. Temperature degree

It's impossible to forecast the weather without considering temperature. It generates
the majority of the load that is weather dependent. When temperatures deviate from normal,
it might affect how much electricity people use. Heat storage in buildings delays the onset
of the changes. While a drop in temperature below freezing increases heating energy
consumption, a rise in temperature above freezing during the summer increases air
conditioning energy consumption (increasing the cooling electricity load). The electrical
load is often treated as a function of the effective temperature or temperature fluctuation

when temperature impacts are predicted (Mawlood and Yahya, 2018).

41.2.4. Time

Time variables affecting the power load at hourly, daily, and seasonal intervals. The
load curves demonstrate that there are definite laws governing the fluctuation of the
electrical load with the hour or day. That's because seasonal, trend, and cycle power loads
already take into account the overall influences of base temperature and hence have
different levels of fluctuation in their electrical loads (Fahad and Arbab, 2014; Taylor and
Buizza 2003).

4.1.2.5. Wind speed

This is a key factor that is related to weather-dependent power load. Wind speed has
an impact on the weather throughout the winter and can be a direct result of the wind's
cooling effect. Speed and temperature both have an impact on wind's cooling ability
(Taylor and Buizza, 2003).
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4.1.3. Visual explanation

In order to investigate the feature of the data, it is possible to use visualization

approaches. The common application of weather data is that it involves seasonal cycles in

many time series applications.
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Figure 4.1. Load of electricity from 2009 to 2019.

Figure 4.1 shows log of electricity load between 2009 and 2013. The graph shows a

clear trend with the present of seasonal changes. It reveals that the demand of electricity has

been increased throughout the year. Thus, more loads have been consumed.
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Figure 4.2. Relative humidity measure between 2009 and 2013.
In figure 4.2, the plot corresponding to log of the humidity rate illustrates that there

is a clear seasonal pattern without trend. It shows that humidity rates change yearly. It can
be noticed that humidity rate in Erbil-lraq is between 2 and 5.
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Figure 4.3. Shows the temperature degree of Erbil city throughout year 2009-2013

Figure 4.3 corresponding to log of the maximum temperature in Erbil shows that
there is a clear seasonal pattern. There are some extreme values appear especially in fourth
quarter of 2011 and fourth quarter of 2012.
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Figure 4.4. Shows the maximum wind speed in Erbil city throughout year 2009-2013
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Figure 4.4 the plot corresponding to log the maximum wind speed in Erbil shows
the clear seasonal pattern in the time series data. The seasonal pattern of five years can be

seen and there is an extreme value in the fourth quarter in 2011.

Table 4.2. Load autocorrelation and partial correlation graph

Corr. P.Corr. AC PAC Q-Stat Probability
[t [F***% 0990 .990 1791.9 0.000
[rarsn * | .984 .203 3563.2 0.000
e * | 979 .092 5317.6 0.000
iallalaled | | 975 .065 7057.6 0.000
ialalaialed | - 970 .021 8782.8 0.000
[eretsex | | 966 .046 10496. 0.000
[ | | 963 .031 12197. 0.000
ialalalaled | | 958 -.060 13882. 0.000
ialalalaled | | 954  .002 15553. 0.000
[ | | 950 .032 17211. 0.000
[t | | .946 .003 18856. 0.000
[ || 941 -.032 20487. 0.000
[ || 936 -.052 22100. 0.000
[ || 931 .004 23698. 0.000
[ * | 925 -.079 25276. 0.000
Fkkkkkk || 920 -.001 26837. 0.000
[tk | | 915 .001 28381. 0.000
[tk | | .909 -.023 29907. 0.000

s | | .904 -.005 31415. 0.000
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Table 4.2. Load autocorrelation and partial correlation graph (Continued)

Corr. P.Corr. AC PAC Q-Stat Probability
ialaialalel | | 893 .006 34381. 0.000
ialaialalel | | 887 -.021 35838. 0.000
[k | || 882 -.011 37277. 0.000
[tk | | | .877 .051 38702. 0.000
[k | | 872 -.006 40110. 0.000
ialiaialel | | 866 -.027 41501. 0.000
ialialalel | | .860 -.005 42875. 0.000
[edekese] | | .856 0.040 44234. 0.000
[edekese] | | .851 0.005 45578. 0.000
ialaialalel | | .845 -0.014 46906. 0.000
ialaialalel | | .840 -0.019 48218. 0.000
ialaialalel | | 835 0.017 49515. 0.000
[riedeste] | | .830 0.001 50796. 0.000
[k | || 824 -0.012 52061. 0.000
ialaialalel | | 819 0.019 53313. 0.000
[k | || 814 -0.051 54547. 0.000

The table 4.2 shows ACF and PACF for log of electricity load. It can be notices that

there is no seasonality in the series. Thus, the series is stationary.
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Table 4.3. Wind spead autocorrelation and partial correlation graph

Corr. P. Corr. AC PAC (Q-Stat Probability
JFEEEE| JFEEEEEE 795 0.795  85.418 0.000
JEERR J** 723 0.247 156.62 0.000
JEERR J** 709 0.229 225.48 0.000
JEERR J* 714 0.210 296.01 0.000
JFEEEE Joo ] 670 0.017 358.53 0.000
i | J* 680 0.164 42351 0.000
[ | o 644 -0.027 482.14 0.000
P | =, | 576 -0.134 529.42 0.000
P | Lo 567 0.049 575.72 0.000
P | o 580 0.059 624.46 0.000
e | o 585 0.107 674.47 0.000
JEEEE ] 588 0.115 725.45 0.000
JEEEE Joo ] 565 -0.019 772.87 0.000
JEEEE Joo ] 552 0.045 818.53 0.000
P | o 528 -0.048 860.71 0.000
il . 481 -0.178 896.02 0.000
PR | 1o 489 0.046 932.87 0.000
il 1o 476 -0.048 968.00 0.000
il 1o 468 0.062 1002.2 0.000
JE** Joo ] 414 -0.062 1029.3 0.000
JE** . 376 -0.115 1051.8 0.000

P 1o 371 0.070 1073.9 0.000
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Table 4.3. Wind spead autocorrelation and partial correlation graph (Continued)

Corr. P. Corr. AC PAC (Q-Stat Probability
] Joo ] 371 -0.004 1096.3 0.000
JE** J* 391 0.092 1121.3 0.000
G *. | .348 -0.086 1141.3 0.000
P *. | 308 -0.105 1157.1 0.000
P o 275 -0.028 1169.9 0.000
> J* 310 0.121 1186.2 0.000
> Joo ] 310 0.016 1202.7 0.000
P *. | 255 -0.134 1214.0 0.000
P o 229 -0.035 12232 0.000
P Lo 225 0.049 1232.2 0.000
> Joo ] 215 0.061 1240.4 0.000
I Joo ] 202 -0.032 1247.8 0.000
o o 200 -0.010 1255.0 0.000
o o 198 0.051 1262.3 0.000

We can see in table 4.3 that the series is not stationary using Correlogram which do
not show stationarity of electricity load. It is clear from Correlogram that the non-decaying
behavior of the sample ACF is because of lack of stationarity. It can be noticed that ACF

suffered from linear decline but the PACF decaying sharply.
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A. Corr.  P.Corr. AC PAC Q-Stat Probability
JFEEEE| JEEEFFR 778 0.778  81.745 0.000
JF** *xEL | 444 -0.409 108.59 0.000
o *xE 029 -0.425 108.71 0.000
fakolal *** ] -.392 -0.424 130.00 0.000
FhAIR| | F | -721 -0.393 202.35 0.000
Nl | *. -840 -0.180 301.35 0.000
x| | Lo -727 0.002 376.08 0.000
faleiel AR J* -417 0.144 400.93 0.000
Jo J* -019 0.076 400.99 0.000
il o 374 0.032 421.31 0.000
[ | o 673 0.057 487.51 0.000
JFEEEE| o 774 -0.036 575.85 0.000
JEEEE J* 689 0.104 646.40 0.000
JE** *. 394 -0.102 669.72 0.000
Jo *. .008 -0.066 669.73 0.000
falaiel NI o -350 0.071 688.41 0.000
falalalodel NN o -628 -0.044 749.00 0.000
falaiaiolel R Jo -740 -0.030 834.01 0.000
falaiaiolel R Jo -.637 0.032 897.60 0.000
folaiel NI *. | -385 -0.076 920.95 0.000
Joo o -031 -0.006 921.10 0.000
P = 342 0.122 939.95 0.000
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Table 4.4. Rate of hummidity autocorrelation and partial correlation graph (Continued)
A. Corr.  P.Corr. AC PAC Q-Stat Probability

T | T 601 0.003 998.48 0.000
N N 713 0.068 1081.7 0.000
R | S 607 -0.126 1142.7 0.000
o L 348 -0.099 1162.9 0.000
1o | 012 0.026 1162.9 0.000
| * | -319 0108 1180.2 0.000
e . | -589 -0.102 1239.7 0.000
T N -.684 -0.043 1320.7 0.000
soww| | 1 -592 -0.002 1382.2 0.000
k|| | -.346 -0.027 1403.3 0.000
b | -022 0.010 1403.4 0.000
| | 288 -0.084 1418.4 0.000
R | | 552 0.041 1473.9 0.000
ikl I 660 0.098 1554.2 0.000

Table 4.4 the table above indicates that rate of humidity has a seasonality pattern.
o0 rh has seasonality. It can be noticed that ACF suffered from linear decline and fluctuation
but the PACF decaying sharply. Thus, the series is not stationary as we should take

differencing to adjust seasonality.
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Table 4.5. Temperature’s autocorrelation and partial correlation graph

A. Corr. P. Corr AC PAC Q-Stat Probability
N iolaleiaialal JFr**** - 0.845  0.845 96.433 0.000
JEEE | w0476 -0.833  127.28 0.000
o ***%. | -0.010 -0.501 127.29 0.000
falalaiel NN ***. |  -0.486 -0.358 159.87 0.000
folaleieiatel MU *. -0.821 -0.190 253.67 0.000
A | Wl | -0.936 -0.238 376.72 0.000
folaleieiatel AR *. | -0.799 -0.067 467.07 0.000
faleiel AR *o | -0.455 -0.122 496.62 0.000
Lo .| 0.001 -0.092 496.62 0.000
JEF* Joo ] 0.454 0.053 526.50 0.000
N iakiaiaioiel IR 0.781 0.041 615.72 0.000
N iakiaiaioiel IR 0.895 -0.043 733.75 0.000
N iakiaiaioiel IR 0.769 -0.011 821.66 0.000
il o 0.440 -0.013 850.68 0.000
Jo Jo 0.000 0.017 850.68 0.000
falaiel NI Jo -0.433 0.005 879.21 0.000
falalalodel NN Jo -0.741 0.060 963.74 0.000
k| ||| -0.849 -0.025 1075.7 0.000
falaieieded R *. -0.736 -0.093 1160.4 0.000

k|| )| 0427 0040 1189.3 0.000



52

Table 4.5. Temperature’s autocorrelation and partial correlation graph (Continued)

A. Corr. P. Corr AC PAC Q-Stat Probability
Jo Jo -0.009 0.045 1189.3 0.000
JE* Jo 0.409 0.046 1216.2 0.000
JEEEE Jo 0.710 -0.033 1298.0 0.000
N iaiiaieioiel I 0.815 -0.072 1406.8 0.000
[ | Lo 0.702 -0.022 1488.2 0.000
T | *. 0.399 -0.073 1514.8 0.000
Jo J* -0.001 0.077 1514.8 0.000
faieiel I Joo ] -0.391 0.012 1540.8 0.000
falsieieiel NN Joo ] -0.667 0.065 1617.2 0.000
falaaialaial MU Jo ] -0.762 -0.027 1717.8 0.000
falaieieded RN Jo -0.654 0.009 1792.6 0.000
falaiel NI Jo -0.374 0.019 18174 0.000
o o -0.004 -0.052 1817.4 0.000
il o 0.365 0.098 1841.4 0.000
JEEER Jo 0.629 -0.018 1913.6 0.000
JEEEE Jo 0.719 -0.039 2008.9 0.000

Table 4.5 the table above indicates that tempreture has also a seasonality pattern.
Has seasonality. It can be noticed that ACF suffered from linear decline and fluctuation but
the PACF decaying sharply. Thus, the series is not stationary as we should take

differencing to adjust seasonality.
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Figure 4.5. Sum of electricity load from 2009 and 2019

In figure 5.5 we have taken the sum of load yearly to see the pattern of the data. It
can be seen from figure 6 that there is still trend and seasonal patterns in the data. The

graph shows clearly that the load data is not stationary.
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Figure 4.6. Seasonality adjustments to the data using MA
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In figure 5.6 we have taken a monthly average of the rate of humidity. We have
adjusted seasonality to the data by using moving average approach. It can be seen the data

is stationary.
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Figure 4.7. Stationarity of temperature data from 2009 to 2019
In figure 5.7 we have taken a monthly average of the temperature degree have

adjusted seasonality to the data by using moving average approach. It can be seen the data

Is stationary.
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Figure 4.8. Average of seasonality adjusted temperature between 2009 and 2019.
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Figure 4.9. Distribution of average wind speed data from 2009 to 2019.
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4.2. Unit root test

We tested for unit root to see if the time series data was stationary. The unit root has
been tested using Augmented Dickey-Fuller (ADF) and Phillip Perron (PP) methods.

Table 4.6. Augmented Dickey-Fuller (ADF) results

Variable Intercept None
Level 1% Difference Level 1% Difference
T Loadsa
-1,66 -9,95%** 0,75 -9,83***
O_Rhsa
-7.93%** -13,76*** -0,43 -13,81***
0_Tcsa
-7,61*** -11,58*** -0,28 -11,63***
m_Ws
- -1,37 -10,69*** -0,15 -10,71%**

Note: Statistical significance is shown by *** ** and * at percentages of 1, 5, and 10%.

Table 4.6 shows the result of an Augmented Dickey Fuller test for the unit root.
Variables are tested including wind speed, electricity load, temperature, and rate of
humidity. We have used Augmented Dickey Fuller approach to test unit root for all
variables separately. The null hypothesis is that each variable has unit root. The tests for
unit root in levels with no intercept illustrates all the variables are non-stationary. After
taking fist deference, the variables became stationary. However, it can be noticed that the
ADF test results with allowing intercept reveal that only variables of rate of humidity and
temperature are stationary. After taking first difference with allowing intercept, all the
variables exhibit unit root process.

It is worth mentioning that the ADF tests do not allow for the presence of structural
brecks. Thus, the results may be biased (Glynn et al, 2009). We can conclude that not all
the four series are stationary, so we have taken difference and all the series become

stationary with or without allowing intercept.
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We know from the unit root test that the three series aren't stationary, so we make
them stationary by taking the first difference between each of them.

Table 4.7. Philip Perron test results

Variable Intercept None
Level 1 Difference Level 1* Difference
T_Loadsa -2,99 -18,477** 0,33 -17,74%**
O_Rhsa -3,06™ -9,07*** -0,28 -9,09%**
0_Tcsa -1,60%** -33,18*** -0,61 -33,07***
m_Ws -1,64 -10,34%** -0,41 -10,37%**

Note: Statistical significance is shown by *** ** and * at percentages of 1, 5, and 10%.

Table 4.7 shows the result of a Phillip Perron test for the unit root for all variables
separately. The same asymptotic distribution as the ADF can be obtained for the PP Y, and
Y, under the null hypothesis which is = = 0. One of the advantages of the PP test is that it
can be robust to the general form of heteroskedasticity in the error term u, unlike the ADF
test. Also, it is not necessary to specify lag length for the test. The tests for unit root in
levels without intercept illustrates all the variables are non-stationary. After taking first
difference, the variables became stationary. Additionally, it can be noticed that the PP test
results with allowing intercept reveal that only variables of rate of humidity and
temperature are stationary. After taking first difference with allowing intercept, all the

variables exhibit unit root process.
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4.3. Co-integration

Since wind speed and load are stationary at the same level, the cointegration

relationship between them has been investigated.

Table 4.8. Johansen cointegration results

Null Hypothesis Trace Statistic 0.05 Critical Value Prob.
No Cointegration 21.47371 20.26184 0.0339
At most 1 4.342999 9.164546 0.3634
Null Hypothesis Trace Statistic 0.05 Critical Value Prob.
No Cointegration 17.13071 15.89210 0.0318
At most 1 4.342999 9.164546 0.3634

Table 4.8 the long-run relationship between the covariates estimated applying
Johansen cointegration method. There results of trace statistics reveals that there at least
one cointegration equation. We test the null hypothesis of no cointegration in which there is
no cointegration among variables. Since the trace statistic value is greater than 5% critical
value, we reject null hypothesis. At most 1 reveals that there is at least one cointegration
equation and it is statistically significant (trace statistics is lower than 5% critical value).
Thus, from the cointegration test results given in Table 4; from the trace statistics and the

maximum eigenvalues, it is seen that there is at most one cointegration between the series.
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Table 4.9. VECM estimation results

Long run equation

t load; m_Ws;
Constant -9.022635*** 15.23428
-1.688452
t_load -
(0.30931)
-0.592259 ***
m_Ws;
(4.12085)
Short run equation
At load; Am_Wwsiq
-0.119075*** 0.269706***
VECT;
[-2.72307] [ 3.25243]
-0.067209 0.057340 ***
At load;
4 [-0.74496] [ 0.33515]
-0.033461 -0.248338***
Am_wsiq
[-0.75598] [-2.95864]

Note: Statistical significance is shown by *** ** and * at percentages of 1, 5, and 10%.

Table 4.9 according to the Weak Erogeneity tests, the externality hypothesis was
rejected for all series. Therefore, long and short term (Error correction model) VECM (1)
estimation results between electricity city load and wind speed values are given in Table
4.5

The vector correction coefficient of the model estimated according to Table 4.5 is
negative and significant. This indicates that the error correction mechanism is working.
Deviations from equilibrium come to equilibrium in the long run. A 1% increase in wind
speed in the long term reduces the total load by 0.59%. In the short run equation, wind

speed has no effect on the total load.
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Table 4.10. Lagrange multiplier (LM) autocorrelation test

Number of lags LM-Stat Prob
1 15.74558 0.2034
2 35.94271 0.1922
3 9.412644 0.0616
4 7.504750 0.1115
5 4.596099 0.3313
6 21.83374 0.0002
7 2.579093 0.6305
8 5.350340 0.2532
9 3.043923 0.5505

10 4.609793 0.3297
11 0.761617 0.9435
12 25.99336 0.7512

The LM test was performed to find out if there is autocorrelation between the error
terms in the VAR model.

Table 4.10 according to the results obtained from the LM test, it was determined
that there was no autocorrelation problem at the 5% significance level according to the 12th
lag. Then, whether the variance of the error terms is constant for all observations was
examined with the White Variance Test.

Table 4.11. VEC residual heteroskedasticity tests

White heteroskedaticity tests

x? Stat Prob.
38.73644 0.1017

Table 4.11 according to the results obtained in Table 4.7, it was seen that there was
no heteroskedasticity problem at the 5% significance level in the model whose %2 value was
estimated. In other words, it was concluded that the variance of the error term did not
change for the whole sample. Thus, it was decided that the 12th lag was appropriate for the
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Tado-Yamamoto causality test due to the absence of autocorrelation and varying variance.
Considering the unit root test results in the study, it was determined as k+d_max=12+1=13
lagged since the variables had the greatest degree of integration (d_max) of 1 (i.e. the

variables were I (1) at the most).

4.4. Auto-Regressive Distributed Lag (ARDL)

We have used ARDL model because of the fact that not all variables are stationary
at the same level. The maximum lag length for the ARDL(p, q1,92) model, with total load
series dependent variables temperature and rate of humidity as the independent variables,
was taken as 4 and the ARDL(3,0,0) model was chosen by deciding the best one among
500 models out of Model 3 according to the AIC criterion. ARDL (3,0,0) model results are
given in Table 4.12.

Table 4.12. ARDL (3,0,0) test results

Dependent variable: t_load Coefficientt Std. Error t Prob.
LNT_LOOAD(-1) 0.713124 0.081969  8.699910 0.0000
LNT_LOOAD(-2) -0.227634  0.102391  -2.223182  0.0280
LNT_LOOAD(-3) 0.442318 0.078449  5.638266 0.0000
LNO_TC -0.196111  0.063102  -3.107841  0.0023
LNO_RH -0.152374  0.053450  -2.850756  0.0051
C 1.854697 0.490324  3.782594  0.0002

R2=0,88 F=188.89 (P=0.000), DW=1.88

Diagnostic Tests:

Serial Corelation (Breush-Godfrey): F= 0.750562 (P=0.3863)
Specification:(Ramsey-RESET): F=3.065375 (P=0.1825)

Normality: (Jarque-Bera): JB=0.38 (P=0.5544)

Heteroscedasticity: /Breush-Pagan-Godfrey): F= 8.763309 (P= 0.1189)

Table 4.12 illustrates the results of ARDL bounds testing. The result of F-test

reveals that the cointegration exists between variables of interest (p-value=0.000).
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According to the ARDL (3,0,0) model estimation results given in Table 4.12, all
coefficients were found to be statistically significant, and as a result of the diagnostic tests
carried out, it was determined that the model did not have any serial correlation, changing
variance, specification and normality problems. In Table 4.13, the results of the boundary

test to investigate the existence of a cointegration relationship between the series are given.

Table 4.13. ARDL bounds test

F-Bounds Test

Ho: Null Hypothesis: No levels relationship

Test Statistic Value Signif. 1(0) I(1)
F-statistic 4.790 10% 3.17 4.14
K 2 5% 3.79 4.85
1% 5.15 6.36

t-Bounds Test
Test Statistic Value Signif. 1(0) I(1)
t-statistic -2.344 10% -2.57 -3.21
5% -2.86 -3.53
1% -3.43 -4.1

Table 4.13 it was calculated as F=4.78 for the F limit test seen in Table 13. Since
this value is greater than the upper critical values for only 10% (F > I (1)), the null
hypothesis of "no cointegration” will be rejected (for 0.01 the upper critical value is 6.36,
for 0.05 the upper critical value = 4.7 and for 10% the upper critical value = 3.97
).vAccording to the F bounds test, the series are cointegrated according to 10%. However, it
IS necessary to test whether this cointegration is a valid cointegration, since model 3 is used
as the conditional error correction model. For this reason, the t bounds test is given in the
last section of Table 4.13. For the t-bonds test, t=2.34 was calculated and since this statistic
is small in absolute value (e.g., 3.34<3.78 for 5% error level), cointegration between the

series is not.



5. DISCUSSION AND CONCLUSION

The objective of this thesis was generally to assess the relationship between climate
change and electricity consumption in Iraq using the cointegration analysis for the time
series data between 2009 and 2019. We obtained the data from the two sources and the
obtained variables were electricity load, temperature, humidity rate and Wind speed. We
have provided descriptive statistics to know the mean and SD of the variables and we have
provided various graphs to see whether the stationarity is presented for all variables. We
have found using graphic inspection that variables of rate of humidity, wind speed and
temperature were not stationarity. We adjusted seasonality for the variables of rate of
humidity and wind speed.

Additionally, we have used Augmented Dickey-Fuller (ADF) and Phillip Perron
(PP) approaches to test unit root. The tests for unit root in levels with no intercept using
ADF revealed that all the variables were non-stationary. After taking fist deference, the
variables became stationary. The ADF test results with allowing intercept revealed that
only variables of rate of humidity and temperature were stationary. After taking first
difference with allowing intercept, all the variables exhibited unit root process. There are
some studies that used ADF to test stationarity of weather data using ADF approach. For
example, Tran et al (2020) have used ADF method to test their temperature data.

The long-run relationship between the covariates estimated applying Johansen
cointegration method. There results of trace statistics revealed that there at least one
cointegration equation. We looked at the null hypothesis of no cointegration, which says
that no variables are linked together. Null hypothesis was ruled out since the trace statistic
value exceeded the crucial value by 5 percent. We thus rejected it. Wind speed and
electrical load have a long-term connection, which means that when wind speed increases,
so can the power load.

Similar results have been obtained by Zhang et al., (2019) as studied Climate effects
such as temperature and electricity consumption as they found that increasing daily
temperature influences the electricity consumption in the rural area. Moreover, A. Ngah
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Nasaruddin et al showed with a positive relationship between temperature-electricity
consumption, and rainfall-electricity consumption and Hernandez, L et al have found a
correlation between weather and electric power demand, as they designed a new ANN-
based architectural models for electric load forecasting.

According to the ARDL (3,0,0) model estimation results, all coefficients were found
to be statistically significant. There was a relationship between load and RH and
temperature. The result of the diagnostic tests was also indicated that the model did not
have any serial correlation, changing variance, specification, and normality problems. The
results of the boundary test to investigate the existence of a cointegration relationship

between the series are given.

RECOMMENDATION AND FURTHER RESEARCH

Based on the results and studied variables, we will recommend the followings:

1- Weather variables such as temperature, wind speed and rate humidity can be
considered when the electricity system is set up

2- Because of the weather change, separate models can be applied for seasonal data.

3- Granger causality can be also applied to see bi-directional relationship between
electricity load and weather variables.

4- The ministry of electricity can use these methodologies and results obtained in the
future to estimate hourly and daily load demand.

5- The cointegration analysis is flexible tool for analyzing dynamic phenomenon;
thus, it can be applied in application in many different fields such GDP, economic
and marketing.

6- It is important for government to enhance and establish renewable energy.

7- Further research is needed using different variables such as GDP and environmental
variables to find long run correlation using different methods such as forecasting
and Avrtificial Neural Network.



REFERENCES

Abdallah, K., Belloumi, M., De Wolf, D., 2013. Indicators for sustainable energy
development: A multivariate cointegration and causality analysis from Tunisian
road transport sector. Renewable and Sustainable, Energy Reviews, 25: 34-43.

Yong, A. H., Christopher, G., Sirimon, T., 2004. Co-integration and causality in the Asian
and emerging foreign exchange markets: Evidence from the 1990s financial crises.
International Review of Financial Analysis, 13 (4): 479-515.

Boukhelkhal, A., Bengana, I, 2018. Cointegration and causality among electricity
consumption, economic, climatic and environmental factors. Energy, 163: 1193-
1206.

Brooks, C., 2002. Introductory Econometrics for Finance. United Kingdom, Cambridge
University Press, xxv+701 pp.

Belloumi, M., 2009. Energy consumption and GDP in Tunisia: cointegration and causality
analysis. Energy policy, 37 (7): 2745-2753.

Bélaid, F., Abderrahmani, F., 2013. Electricity consumption and economic growth in
Algeria: A multivariate causality analysis in the presence of structural change.

Energy Policy, Elsevier, 55 (C): 286-295.

Chien, M., Shu-Jung, C. L., Lee, C. C., 2018. Time-varying co-movement of the prices of
three metals and oil: Evidence from recursive cointegration. Resources Policy, 57:
186-195.

Caporale, G., Gil-Alana, L. A., 2019. Long-term interest rates in Europe: A fractional
cointegration analysis. International Review of Economics & Finance, 61: 170-
178.

DBaker, D., Md.Kamruzzaman, R. M., 2015. Regional aviation and economic growth:
cointegration and causality analysis in Australia. Transport Geography, 43: 140-
150.

Dickey, D. A., Fuller, W. A., 1981. Likelihood ratio statistics for autoregressive time series
with a unit root. Econometric Society, 49: 1057-1072.

Dickey, D. A., Fuller, W. A., 1979. Distribution of the estimators for autoregressive time
series with a unit root. American statistical association, 74: 427-431.

Esso, L. J., 2010. Threshold cointegration and causality relationship between energy use
and growth in seven African countries. Energy Economics, 32 (6): 1383-1391.

Esso, L. J., Keho, Y., 2016. Energy consumption, economic growth and carbon emissions:
Cointegration and causality evidence from selected African countries. Energy, 114
(1): 492-497.

Erica, 2020. A Guide to Conducting Cointegration  Tests.  Aptech,
https://www.aptech.com/blog/a-guide-to-conducting-cointegration-tests/.
Published January 28, 2020 - Updated May 12, 2021.

Emmanouil, H., Heracles, P., Haralambopoulos, D., 2011. Co2 emission, GDP and energy
intensity: A Multivariate cointegration and causality analysis for Greece, 1977—
2007. Energy, 88 (1): 1377-1385.



https://www.sciencedirect.com/science/article/pii/S1364032113002256?casa_token=5jQ5fP4l_JoAAAAA:Vfjoj5TNX6hfr0HSKAtc3XYde3LzaWr_6hdclZOcRAFCAIyx16Ve7CbejNygHmgpmeSwDIm2ww#!
https://www.sciencedirect.com/science/article/pii/S1364032113002256?casa_token=5jQ5fP4l_JoAAAAA:Vfjoj5TNX6hfr0HSKAtc3XYde3LzaWr_6hdclZOcRAFCAIyx16Ve7CbejNygHmgpmeSwDIm2ww#!
https://www.sciencedirect.com/science/article/pii/S1364032113002256?casa_token=5jQ5fP4l_JoAAAAA:Vfjoj5TNX6hfr0HSKAtc3XYde3LzaWr_6hdclZOcRAFCAIyx16Ve7CbejNygHmgpmeSwDIm2ww#!
https://www.sciencedirect.com/science/journal/13640321
https://www.researchgate.net/profile/Christopher-Gan
https://www.researchgate.net/profile/Sirimon-Treepongkaruna
https://www.researchgate.net/journal/International-Review-of-Financial-Analysis-1057-5219
https://www.sciencedirect.com/science/article/abs/pii/S0301421509001487?via%3Dihub#!
https://ideas.repec.org/s/eee/enepol.html
https://www.researchgate.net/profile/Mei-Se-Chien
https://www.researchgate.net/scientific-contributions/Chang-Lee-Shu-Jung-2140120482
https://www.researchgate.net/profile/Chien-Chiang-Lee
https://www.researchgate.net/journal/Resources-Policy-0301-4207
https://www.sciencedirect.com/science/article/abs/pii/S0966692315000265#!
https://www.sciencedirect.com/science/article/abs/pii/S0966692315000265#!
https://www.aptech.com/blog/a-guide-to-conducting-cointegration-tests/
https://www.researchgate.net/profile/Heracles-Polatidis
https://www.researchgate.net/profile/D-Haralambopoulos

66

Francisco, F., Ramos, R., 2001. Exports, imports, and economic growth in Portugal:
evidence from causality and cointegration analysis. Economic Modelling, 18 (4):
613-623.

Falk, M., 2012. A First Course on Time Series Analysis — Examples with SAS. Chair of
Statistics. Wurzburg, Germany, University of Wurzburg.

Franses, Philip Hans, 1998. Time series models for business and economic forecasting.
United Kingdom. The press syndicate of the University of Cambridge.

Salahuddin, G., Shahbaz, M., Mohamed, A., and Teulon, F., 2014. Financial development
and poverty reduction nexus: A cointegration and causality analysis in
Bangladesh. Economic Modelling, 36: 405-412

Guijarati, D. N., Porter, D. C., 2009. Basic Econometrics. McGraw-Hill/lrwin, a business
unit of The McGraw-Hill Companies, Inc., 1221 Avenue of the Americas, New
York, NY, 10020.

Granger, C. W. J., 1981. Some properties of time series data and their use in econometric
model specification. Econometrics, 16 (1): 121-130

Gregory C. R., Ljung, G. M., George, E. P., Box Jenkins, G. M., 2015. Time Series
Analysis: Forecasting and Control. United states. Wiley, fifth edition. John Wiley
and Sons Inc., Hoboken, New Jersey, pp. 712. ISBN: 978-1-118-67502-1.

Gebre-Mariam, Y. K., 2011. Testing for unit roots, causality, co-integration, and efficiency:
The case of the northwest US natural gas market. Energy, 36 (5): 3489-3500.

Huang, B. N., Yang, C. W., Shan Hu, J. W., 2000. Causality and co-integration of stock
markets among the United States, Japan and the South China Growth Triangle.
International Review of Financial Analysis, 3: 281-297.

Hyndman, R. J., Athanasopoulos, G., 2018. Forecasting: principles and practice, 2nd
edition, OTexts. Melbourne, Australia. Monash University, Accessed on Jun 2021.

Hatemi-J, A., 2012b. Asymmetric causality tests with an application. Empirical
Economics, 43: 447-456.

Hamilton, J. D., 1994. Time Series Analysis, Princeton University Press, New Jersey.
United States.

Hernandez, L., Baladron, C., Aguiar, J. M., Calavia, L., Carro, B., Sanchez-Esguevillas, A.,
Cook, D. J., Chinarro, D., & Goémez, J., 2012, A Study of the Relationship
between Weather Variables and Electric Power Demand inside a Smart Grid/Smart
World Framework. Sensors (Basel, Switzerland), 12 (9): 11571-11591.

Kadir, D., 2020. Time Series Modeling to Forecast on Consuming Electricity: A case study
Analysis of electrical consumption in Erbil City from 2014 to 2018. Al Rafidain,
46: 473-485.

Khadija M., 2015. Estimation and Forecasting of the Dynamic Relationship between
Stock Prices and Exchange Rates: A Comparative Study. Doctoral Thesis,
University of Huddersfield. United Kingdom.

Kassouri, Y., Altintas, H., 2020. Threshold co-integration, nonlinearity and frequency
domain causality relationship among Turkish Lira and stock price. Research in
International Business and Finance, 52: 101097.

Liitkepohl, H., 2005. New introduction to multiple time series analysis. Berlin, Germany,
Springer.


https://www.sciencedirect.com/science/article/abs/pii/S0264999300000559#!
https://www.researchgate.net/journal/Economic-Modelling-0264-9993
https://www.researchgate.net/profile/Arouri-Mohamed
https://www.researchgate.net/profile/Frederic-Teulon
https://www.researchgate.net/journal/Economic-Modelling-0264-9993
https://www.sciencedirect.com/science/article/abs/pii/S1057521900000314#!
https://www.sciencedirect.com/science/article/abs/pii/S1057521900000314#!
https://www.sciencedirect.com/science/article/abs/pii/S1057521900000314#!
https://www.sciencedirect.com/science/journal/02755319
https://www.sciencedirect.com/science/journal/02755319

67

Mawlood, K. I., Yahya, R. O., 2018. Using Dynamic Linear Models and Kalman Filter for
modeling and forecasting electricity load in Erbil city. Humanity Sciences, 22 (4).

Muhammad, S., Mihai, M., Aviral Kumar, T., 2012. Revisiting the relationship between
electricity consumption, capital and economic growth: cointegration and causality
analysis in Romania. Economic forecasting, 3: 97-120.

Maddala, G. S., & Kim, I. M., 1998. Unit roots, cointegration, and structural change.
Cambridge University Press, 1998 - Business & Economics.

Nasaruddin, A. N., Tee, B. T., Tahir, M. M., Jasman, E. S., 2021. Data Assessment on the
relationship between typical weather data and electricity consumption of academic
building in Melaka. Data in brief, 35: 106797.

Nazlioglu, S. K., Adiguzel, U., 2014. Electricity Consumption and Economic Growth in
Turkey: Cointegration, Linear and Nonlinear Granger Causality. Energy sources, 9
(4): 315-324.

Owyong, D., Wong, W. K., Horowitz, I., 2015. Cointegration and causality among the
onshore and offshore markets for China's currency. Asian Economics, 41: 20-38.

Perron, P., 1989. The great crash, the oil price shock and the unit root hypothesis.
Econometrica, 57: 1361-1401.

Perron, P., Vogelsang, T. J., 1992. Non-stationarity and level shifts with an application to
purchasing power parity. J Bus and Econ Statist, 10: 301-20.

Pilli-Sihvola, K., Aatola, P., Ollikainen, M., & Tuomenvirta, H., 2010. Climate change and
electricity consumption—Witnessing increasing or decreasing use and costs?.
Energy Policy, 38 (5), 2409-24109.

Rafindadi, A., Ozturk, 1., 2017. Impacts of renewable energy consumption on the German
economic  growth:  Evidence  from  combined  cointegration  test.
Renewable and Sustainable Energy Reviews, 75: 1130-1141.

Rahman, M. M., AbulKashem, M., 2017. Carbon emissions, energy consumption and
industrial growth in Bangladesh: Empirical evidence from ARDL cointegration
and Granger causality analysis. Energy Policy, 110: 600-608.

Runsheng Yin, R., Jintao, X., 2003. Identifying the inter-market relationships of forest
products in the Pacific Northwest with cointegration and causality tests. Forest
policy and Economics, 5 (3): 305-315.

Shahbaz, M., Lean, H. H., Shabbir, M. S., 2012. Environmental Kuznets Curve hypothesis
in Pakistan: Cointegration and Granger causality. Renewable and Sustainable
Energy Reviews, 16 (5): 2947-2953.

Said, S. E., Dickey, D. A., 1984. Testing for unit roots in autoregressive-moving average
models of unknown order. Biometrika, 71 (3): 599-607.

Sailor, D. J., & Munoz, J. R., 1997. Sensitivity of electricity and natural gas consumption to
climate in the USA—Methodology and results for eight states. Energy, 22 (10),
987-998.

Stelios, D. B., Cees, G. H. D., 2008. The relationship between crude oil spot and futures
prices: Cointegration, linear and nonlinear causality. Energy Economics, 30 (5):
2673-2685.

Solarin, S. A., Shahbaz, M., 2013. Trivariate causality between economic growth,
urbanization and electricity consumption in Angola: Cointegration and causality
analysis. Energy Policy, 60: 876-884


https://www.google.com.tr/search?tbo=p&tbm=bks&q=subject:%22Business+%26+Economics%22&source=gbs_ge_summary_r&cad=0
https://www.tandfonline.com/author/Nazlioglu%2C+S
https://www.tandfonline.com/author/Adiguzel%2C+U
https://www.sciencedirect.com/science/article/abs/pii/S1049007815001013#!
https://www.sciencedirect.com/science/article/abs/pii/S1049007815001013#!
https://www.sciencedirect.com/science/article/pii/S1364032112001086?casa_token=l76IthAL748AAAAA:gvpJqssx_bHW7m4aKF4Q38j9Zk1csZgEMfyUxc_0CFKrZSZEYptY0Ak-94vwv4QWbPUgyfKmsQ#!
https://www.sciencedirect.com/science/article/pii/S1364032112001086?casa_token=l76IthAL748AAAAA:gvpJqssx_bHW7m4aKF4Q38j9Zk1csZgEMfyUxc_0CFKrZSZEYptY0Ak-94vwv4QWbPUgyfKmsQ#!
https://www.sciencedirect.com/science/article/pii/S1364032112001086?casa_token=l76IthAL748AAAAA:gvpJqssx_bHW7m4aKF4Q38j9Zk1csZgEMfyUxc_0CFKrZSZEYptY0Ak-94vwv4QWbPUgyfKmsQ#!

68

Tran, T. T. K., Lee, T., Shin, J. Y., Kim, J. S., Kamruzzaman, M., 2020. Deep Learning-
Based Maximum Temperature Forecasting Assisted with Meta-Learning for Hyper
parameter Optimization. Atmosphere, 11 (5): 487-495.

Tiwari, A. K., Shahbazb, M., Adnan Hye, Q. M., 2013. The environmental Kuznets curve

and the role of coal consumption in India: Cointegration and causality analysis in
an open economy. Renewable and Sustainable Energy Reviews, 18: 519-527.

Wei W. S., 2006. Time series analysis: univariate and multivariate. Boston: Pearson.

Yang, C., Zhang, W., Zhou, N., Tang, L., Li, T., 2018. Influence of temperature and
humidity on power frequency electric field intensity. Integrated Ferroelectrics,
191 (1): 104-110.

Zivot, E., Andrews, D., 1992. Further evidence of great crash, the oil price shock and unit
root hypothesis, Business and Economic Statistics, 10: 251-270.


https://www.sciencedirect.com/science/article/abs/pii/S1364032112005734#!
https://www.sciencedirect.com/science/article/abs/pii/S1364032112005734#!
https://www.sciencedirect.com/science/article/abs/pii/S1364032112005734#!

EXTENDED TURKISH SUMMARY
(GENISLETILMIS TURKCE OZET)

IKLIM DEGISIKLiGININ ERBIL'DE KONUT ELEKTRIiK TUKETiMIiNE
ETKIiSi: EKONOMETRIK BiR ANALIZ

ISMAEL, Zewar Omar
Yiiksek Lisans Tezi, Istatistik Anabilim Dali
Tez Damigmani : Dr. Ogr. Uyesi. Muhammed Hanifi VAN
Aralik 2021, 83 sayfa

OZET

Iklim degisikliginin enerji tiiketimindeki degisiklikleri belirlemede etkisi olabilir.
Iklim degisikliginin yogunlugunun artmasi, karbondioksit emisyonlarinin artmas: kiiresel
isinmaya yol agmaktadir. Bu nedenle, iklim degisikligi altinda ekonomik, g¢evre ve
teknolojideki degisikliklerin enerji sisteminin gelecegini nasil etkileyecegi konusundaki
temel zorluklarin belirlenmesine ihtiya¢ vardir. Gii¢ sistemi, iklim degisikligi ve ekonomi
arasidaki baglantinin birgok yonii vardir ve karmasiktir Queiroz ve digerleri (2016). iklim
degisikliginin enerji kullanimi lizerindeki 6nemli bir etkisi, sicakligi ne kadar yiikselttigi
veya diisiirdiigiidiir. Insanlarin ne kadar enerji tiikettigini belirlemeye gelince, sicakligm en
onemli hava bileseni oldugunu 6ne siiren bir dizi ampirik ¢alisma var. Binalarin soguk
havalarda 1sitilmasi ve sicak havalarda sogutulmasi gerekir (Silhvola ve digerleri; Sailor ve
Muioz, 1997).

Irak, iklim degisikligi ve enerji tiiketimi arasindaki iligki ile ilgili nispeten az
aragtirma yapilmistir. Erbil'de elektrik, kisin 1sitnma ve yazin sogutma i¢in yogun olarak
kullanilmaktadir. Ancak hissedilen hava sicakligt nem ve riizgar hizida ellektirik yiikiinii
artirip ya da azaltabilmektedir.

Daha soguk veya daha sicak hava, tropik ve subtropikal iilkelerde sicaklik
kosullandirma igin yiiksek bir talep getirir. i¢ ortam sicaklik kosullandirmasmin ana
kaynagi elektrik olmaktadir. Havanin dalgalanmasi, sosyal ve ekonomik gibi farkli

yonlerden elektrik iizerinde biiyiik bir etkiye sahip olabilmektedir.
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Bu tezin amaci, Irak'in Erbil kentinde elektrik tiikketimi ile hava sicakligi, nem ve
rliizgar hiz1 gibi iklim faktorleri arasindaki uzun donemli iligkiyi 2009-2019 arasindaki aylik
verileri kullanarak arastirmaktir.

Verileri iki kaynaktan elde edilmistir. Birincisi, elektrik yiikii verileri Erbil elektrik
miidiirliigiinden elde edilmistir. Ikincisi, riizgar hiz1, sicaklik ve nem orani, tarim ve hava
durumu genel miidiirliglinden alinmigtir. Bu caligmada bagimli degisken elektrik yiikii,
bagimsiz degiskenler ise nem, sicaklik ve riizgar hizidir.

Bu amagla calismada ilk olarak serilerin genel seyrini gormek igin serilerin
grafikleri incelenmistir. Ardindan mevsimselligin olup olmadigini anlamak i¢in ACF ve
PACF grafikleri incelenmistir. Daha sonra serilerin duraganliklari geleneksel birim kok
testleri ile incelenmistir. Birinci farkalarinda duragan olan electricity load and wind speed
serileri arasinda esbiitiinlesme illiskisi Jonahansen esbiitiinlesme medodu ile test edilmistir.
Farkli diizeyde duragan olan elektrik yiikii, riizgar hizi, ve hava sicakligi ve nem orani
serileri arasindaki esbiitiinlesme iliski ARDL metodu kullanilarak test edilmistir.

Elde edilen sonuclara gore, elektrik ytlikii ve riizgar hiz1 serilerin uzun doénemde
birlikte hareket ettigi belirlenmistir.

RDL modeli tahmin sonuglarina goére ise elektrik yiikii ile nem orani ve riizgar hizi
ve hava sicakligi arasinda uzun dénemde istatiki olarak anlaml iliski oldugu bulunmustur.

Bu sonuglar ilkim degisikligini enerji kullanimini artiracagini géstermektedir.

Anahtar kelimeler: Elektrik tiiketimi, Esbiitiinlesme analizi, iklim degisikligi.
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1. GIRIS

Enerji  tiiketimindeki degisikliklerin  belirlenmesi  iklim degisikliklerinden
etkilenebilmektedir. iklim degisikliginin artan yogunlugu, dzellikle kiiresel 1sinma, enerji
tilkettimi ve enerji sirketleri lizerinde ekonomik olarak olumsuz etki yapacaktir. Bu
nedenle, iklim degisikligi altinda ekonomik, ¢cevre ve teknolojideki degisikliklerin enerji
sisteminin gelecegini nasil etkileyecegi konusundaki temel zorluklarin belirlenmesine
ihtiya¢ bulunmaktadir.

Erbil sehri, 1991 yilindaki Korfez savasinda ve 1992-1996 yillar1 arasinda yasanan
i¢ savastan dolay1 elektrik arz1 biiyiik zarar gdrmiistiir. istasyonlarimn, iletim hatlarinin ve
dagitim istasyonlarinin ¢ogu imha edilmistir. Bu siiregte ana elektrik kaynagi Siileymaniye
ilindeki Dokan ve Derbandikhan hidroelektrik santrallerinden saglanmaktaydi (Kadir,
2020).

Elektrik sistem yiikii, tiim tiiketicilerin, ayn1 zamanda elektrik yiikiiniin toplamin
ifa etmektedir. Sistem Ozelliklerinin iyi anlagilmasi, makul tahmin modelleri tasarlamaya ve
farkli durumlarda ¢alisan uygun modelleri segmeye yardimci olur. Erbil sehri kisin ¢ok
soguk, kisin ¢ok sicaktir. Cogu insan, ana sogutma ve 1sitma kaynaklar1 i¢in elektrige
giiveniyor.

Bu tezin amaci, genel olarak 2009 ve 2019 yillar1 arasindaki zaman serisi verileri
i¢in egbiitiinlesme analizini kullanarak Irak'ta iklim degisikligi ve elektrik tiikketimi

arasindaki iliskiyi degerlendirmektir.
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2. METODOLOJi

Bu boliim, ¢alismamizda uygulayacagimiz kapsamli metodolojilere genel bir bakis
sunmaktadir. yapisal kirilmalar, vektor otokorelasyon modeli, esbiitiinlesme analizi ve

ARDL yontemine genel bir bakis sagladik.

2.1. Zaman Serisi

Zaman serisi, zaman boyutunun yillik, aylik, haftalik ve giinlik aktiviteyi
belirlemek i¢in, zaman iginde yapilan gozlemlerin bir koleksiyonudur. Ekonomik, sosyal,
cevresel, ticari/is, tibbi ve biyolojik alanlarin hepsinin ¢ok sayida zaman serisi
kullanilmaktadir. Zaman serisi verilerini toplamak ig¢in teorik olarak farkli iki yontem
vardir. ilk yontem, seyrek veya periyodik olarak meydana gelebilecek belirli bir zaman
siireci i¢in verileri gézlemlemektir. Bu bir bolge i¢in bir zaman serisi de olabilmektedir.
Ikinci yontem, zaman araliginda verileri siirekli olarak kaydetmektir. Verilerin 6zellikleri
hakkinda ¢ikarimlarda bulunmak icin zaman serisi analizi yapmak i¢in ¢ok sayida teknik

kullanilmaktadir (Falk, 2012).

2.1.1.Trent

Trent, kisa vadeli dalgalanmalar1 g6z ardi ederek, yiikselmeye veya diismeye
yonelik genel olarak yumusak bir egilimdir. Artis ve azalis hareketi, dogrusal olmayan
zaman serisinin egilimi ile tanimlanabilir. Mevsimsel dalgalanma yildan yila olabilir

(Hyndman ve Athanasopoulos, 2018).
2.1.2. Mevsimsellik
Mevsimsellik, yildan yila tekrarlanan, yilin belli bir zaman ile ilgili bir varyasyon

modeli olarak tanimlanabilir. Mevsimsellik deseni giinliik, haftalik, aylik veya yillik olarak

tekrarlanabilir. Zaman serisi verilerinde mevsimselligi belirlemek i¢in farkli Slgekler
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kullanilarak grafiksel inceleme olan basit bir yontem kullanilabilir. Modelde daha iyi
tahmin degerine sahip oldugu tespit edildiginde mevsimselligi dahil etmenin bir¢ok yolu
vardir. Bu, modele mevsimsellik terimi eklenerek yapilabilir (Hyndman ve

Athanasopoulos, 2018).

2.1.3. Otokorelasyonun ve kismi otokorelasyonun
Zaman serilerinde, otokorelasyon fonksiyonu bir zaman serisi verilerinin gecikmeli
degerleri arasindaki dogrusal iliskiyi hesaplar. Bu, zaman serisinin, gecikmeler ve zaman
serileri arasindaki benzerlik derecesini 6lgen gecikmeli bir degerle dogrusal olarak iligkili
oldugu anlamina gelir. Otokorelasyonun o©6nemli olmasinin nedeni, bazi yontemler
kullanilarak zaman serilerinin tahmin edilmesinin artiklarda otokorelasyon olmadigi

varsayimini gerektirmesidir (Hyndman ve Athanasopoulos, 2018).
Otokorelasyonun matematiksel denklemi asagidaki gibi yazilabilir:

k1 W=D Y=Y
- 1 (Ye-T)? (3.1)

Birim kok

Ty

Birim kok, bir veya daha fazla karakteristik kok igeren bir dizi olarak tanimlanir.
Herhangi bir zaman serisinde, bir birim kok, stokastik bir egilim olarak ifade edilebilir.
Ornegin AR (1) siireci asagidaki gibi;

Zy =012, 1+ Uy

@1 =1, ise, u; ne zaman beyaz giriilti olur. z/nin birim kokii oldugunu

sOyleyebiliriz. Rassal yiiriiyiis modeli olarak bilinen birim kok siireci duragan degildir.

Zaman serisi verileri, fark alma kullanilarak duraganlastirilabilir.

2.1.4. Dickey Fuller

Dickey Fuller'n testinde birim koke sahip AR modelinin sifir hipotezi test edilir.

Testin parametre tahmini, t-testi kullanilarak elde edilebilir. Test, Dickey ve Fuller
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tarafindan ilk olarak AR'de birim kokiin varligimi inceledikleri ig¢in 1979 yilinda

gelistirilmistir.

2.1.5. Artirma Dickey Fuller (ADF)

ADF, Dickey Fuller testinin seri korelasyonun yer aldig1 genisletilmis genisletilmis
bir versiyonudur. Ayrica daha fazla ve biiyiik karmasik modeller i¢in ayarlanmigtir. DF
testinden farkli olarak ADF testi, daha yiiksek AR modeli i¢cin kullanilabilir. Test, zaman
serilerinin duraganligini test etmek i¢in kullanilabilir. Testin prosediirii Dickey Fullera

benzerdir (Said ve Dickey, 1984).

2.1.6. Philip Peron

Bir¢cok birim kok testi Phillips ve Perron (1988) tarafindan gelistirilmistir.
Gilinlimiizde test, ozellikle finansal verilere sahip olunmast durumunda zaman serisi
analizinde yaygin olarak kullanilmaktadir. PP testi, ADF testinden ozellikle PP testinin
hatalardaki degisen varyans ve seri korelasyonu ele alma bigiminden farklidir. Ozellikle,
hatalarin ARMA yapisint tahmin etmek ic¢in parametrik bir otomatik regresyon

kullanilabilir.

2.2. VAR Modeli

Sims, cok degiskenli zaman serilerinin karsilikli bagimliligin1 ve dinamiklerini
yakalamak icin kullanilabilecek bir Vektor oto-regresif (VAR) modelleri 6nermistir. AR
modelleri yalnizca bir Z t zaman serisini dikkate alirken, VAR birden ¢ok zaman serisini
modeller. Tek degiskenli AR modellerinin genellestirilmesi veya tek degiskenli zaman
serisi modelleri ile paralel denklem modelleri arasinda bir karisim olarak bilinir. Ana odak
noktalar1 parametre tahmini ve model spesifikasyonu {izerindedir K boyutlu ¢ok degiskenli
bir zaman serisi ele alindiginda Z... Z, with Z, = (Z4¢ ..., Zy:)- Bu VAR modeli
genellestirilebilir. P gecikmeli VAR modeli:
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Zt =7V + let—l + (DZZt_Z + b + ®pzt_p + llt (338)
t=123,..,T

Olarak ele alinmaktadir. Burada Z,= (Z4;, Z3¢, ... , Zy;) ' (k x 1) boyutlu zaman

serisi degiskeni olarak ele alinmaktadir. . v, (k X 1) boyutlu vektoriin sabitidir (Liitkepohl,
2005).

2.3. Esbiitiinlesme Analizi

Esbiitiinlesme analizi, birkag zaman serisi arasinda uzun donemli iliskinin duragan
olup olmadigini test etmeye odaklanir. Bu uzun donem, esbiitiinlesme fikri kullanilarak
Olciilebilir ve test edilebilir. Birkag zaman serisi veri setinin uzun dénem dengesine sahip
olmasi, birlikte hareket etmesi ve ortak stokastik egilimi paylagsmasi durumunda
esbiitlinlesme meydana gelebilir. Esbiitiinlesmeyi test etmek i¢in birden fazla esbiitiinlesme
vektoriiniin olup olmadigi, esbiitiinlesme vektoriiniin bilinip bilinmedigi ve esbiitiinlesme
iliskilerinde yapisal kirilma olup olmadig: dikkate alinabilir. Esbiitiinlesme testi, belirli bir
zaman diliminde birka¢ veri setinin duyarlilik derecesini belirlemek icin kullanilabilir
(Erica, 2020).

Marseet ve Khadija'ya (2015), iki veya daha fazla seri arasindaki uzun donemli
esbiitiinlesmeyi test etmek icin c¢esitli yaklasimlar kullanilabilir. Degiskenler arasindaki
uzun donemli iligki, esbiitiinlesme analizi kullanilarak degerlendirilebilir. Degiskenler arasi
esbiitiinlesme, degiskenler arasinda uzun donemli veya denge iliskisinin var oldugunu
gosterir. Bir zaman serisi duragan degilse, ancak zamanla birlikte hareket edebilir ve
farklar1 duragan olabilir. Degiskenler arasindaki uzun donemli baglanti, sistemin zaman
icinde kapsadigr anlamina gelir ve hata teriminin zaman i¢indeki dengesizligi olarak
yorumlanabilir. Egbiitiinlesme ile ¢ok degiskenli zaman serisi egilimlerini incelemek ve
degiskenler arasinda uzun dénem ve kisa donem iligkileri i¢in bir teknik saglamak icin

ortaya ¢ikmistir (Marseet ve Khadija, 2015).
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2.3.1. Johansen (VECM)

VECM'ye dayali Johansen testi, maksimum Eigen degeri ve izl testi olmak tizere iki
testten olusur. Bu testler VECM'ye dayali uzun dénemli iligkiler i¢in kullanilabilir. VECN
modelleri, sabit veya trendli veya sabit olmayan model ve farkli sayida esbiitiinlesme
vektorii gibi farkli varsayimlar kullanilarak tahmin edilebilir. Daha sonra modeller
olabilirlik orani testi kullanilarak karsilastirilabilir. iz testi, k vektorli kisitlanmamis
VECM'ye karst kisith bir VECM'nin olabilirlik orani testi kullanilarak elde edilebilir
(Frans, 1998).

2.3.2. Otoregresif dagitilms gecikme (ARDL)

Johansen prosediiriinii kullanarak esbiitiinlesmeyi test etmek, tiim biitiinlesik
degiskenlerin ayni diizeyde duragan olmasini1 gerektirir. Bu degiskenler her seferinde aymi
diizeyde duragan olmayabilir. Bu nedenle, 2001 yilinda Pesaran ve digerleri tarafindan
alternatif bir yaklasim gelistirilmistir. Bu yontemde degiskenlerin ayni diizeyde entegre
edilmesi gerektigi varsayimi gerekli degildir. Johnsen'den farkli olarak, yontem kiigiik
orneklem olmasi durumunda daha uygundur. Tek bir denklemi oldugu i¢in bu yontemi

uygulamak ve yorumlamak oldukga basittir (Peseran ve digerleri, 2001).

ARDL (p, g) modeli:
Yo =g +ag + Iy Oy + B'Xe + T BY Axei + U (3.46)
AXy = P1AX;_q + P2 AX_ 5 + - + PAX g + U, (3.47)
olarak gosterilebilir.

Burada x; k boyutlu I (1) esbiitiinlesik olmayan bir degisken, P; genellestirilmis otoregresif

bir siireci gosteren parametredir.
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2.4. Sonuglar

Veri setinin 6zelliklerini belirlemek igin veriler i¢in bazi tanimlayici istatistikler

tablo 1°de verilmistir.

Tablo 4.1. Elde edilen verilerin tanimlayici istatistikleri

Degisken Aciklama N Ortalama  Std. Dev. Min. Maks.

Toplam elektrik
132 23451.36 8645.417 53880.58 53880.58

yiikii

Nem orani 132 38.79517 7.273610 13.90189 62.58136
Sicaklik 132 21.96987 1.466530 16.69333 27.20889
Riizgar hizi 132 6.165348 3.595883 1.375000 17.54000

Tablo 4.1, 10 yilda ortalama elektrik yiikiiniin 23.451 KW oldugunu, ortalama nem
oraninin ise 38.8 oldugunu gostermektedir. Erbil'de sicaklik ortalamasi 10 yildir 22'nin

altinda.

2.4. Birim Kok Testi

Birim kokii test ederek zaman serisi verilerinin duraganlhigini arastirilmistir. Birim
kokii test etmek icin Artirilmis Dickey-Fuller (ADF) ve Phillip Perron (PP) test sonuglari

sirastyla tablo 4.6 ve tablo 4.7 de verilmistir.

Tablo 4.6. Artirllmis Dickey-Fuller (ADF) birim kok testi sonuglart

Degisken Sabitli Yok
Level 1% Difference Level 1% Difference
T Loadsa -1,66 -9,95%*** 0,75 -9,83***
O _Rhsa -7.93*** -13,76*** -0,43 -13,81***
0 Tcsa -7,61*** -11,58*** -0,28 -11,63***

m_Ws -1,37 -10,69*** -0,15 -10,71***
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Not: *** ** ye * Yiizde %1, %5 ve %10 diizeylerinde istatistiksel olarak anlamlidir.

Table 4.7: Philip Perron test results

Variable Intercept None
Level 1% Difference Level 1% Difference
T Loadsa -2,59 -18,47*** 0,33 S17,74%%
O_Rhsa -3,06* -9,07%** -0,28 -9,09%**
o_Tcsa -7,60%** -33,18*** -0,61 -33,07***
m Ws -1,64 -10,34*** -0,41 -10,37***

Not: Istatistiksel anlamlilik ***_ ** ve * ile %1, 5 ve %10 oranlarinda gosterilmistir.

Riizgar hizi, elektrik yiikii, sicaklik ve nem orani gibi degiskenlerin duraganligi
arastirilmistir. Tiim degiskenler i¢in birim kokil ayr1 ayri test etmek icin Augmented Dickey
Fuller yaklasimini kullandik. Temel hipotez, her degiskenin birim koke sahip oldugudur.
Sabitli modelde birim kok testleri, tiim degiskenlerin duragan olmadigini gostermektedir.
Birim kok testinden iki serinin duragan olmadig1 sonucuna varilmistir, bu yiizden duragan
olmayan bu iki seriyi birinci farkini alarak duragan hale getirilmistir.

Tiim degiskenler i¢in ayr1 ayr1 birim kok i¢in yapilan Phillip Perron testinin sonucu
sunulmustur. PP icin ADF ile aym1 asimptotik dagilim elde edilebilir. Birim kok testleri,
tim degiskenlerin duragan olmadigmi gostermektedir. Birinci farki alindiktan sonra
degiskenler duragan hale gelmistir. Ek olarak, kesmeye izin veren PP test sonuclarinin,
yalnizca nem orani ve sicaklik degiskenlerinin duragan oldugunu ortaya koydugu
anlasilmaktadir. Birinci farki alindiktan sonra, tiim degiskenler birim kok siireci

sergilemektedir.
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2.5. Esbiitiinlesme

Riizgar hiz1 ve yiikii ayn1 seviyede duragan oldugundan aralarindaki esbiitiinlesme

iliskisi tablo 4.8 dearastirilmistir.

Tablo 4.8. Johansen esbiitiinlesme testi sonuglari

Temel Hipotez Iz Istatistik 0.05 Kritik Deger Prob.
No Cointegration 21.47371 20.26184 0.0339
en fazla 1 4.342999 9.164546 0.3634
Bos Hipotez Iz Istatistik 0.05 Kritik Deger Prob.
No Cointegration 17.13071 15.89210 0.0318
en fazla 1 4.342999 9.164546 0.3634

Johansen egsbiitiinlesme yontemi uygulanarak tahmin edilen ortak degiskenler
arasindaki uzun donemli iligski iz istatistiklerinin sonuclari, en az bir esbiitiinlesme
denkleminin oldugunu ortaya koymaktadir. iz istatistik degeri %5 kritik degerden biiyiik
oldugu i¢in temel hipotezi red edilmektedir. En fazla 1, en az bir esbiitiinlesme denklemi
oldugunu ve istatistiksel olarak anlamli oldugunu ortaya koymaktadir (iz istatistikleri %35
kritik degerden diisiiktiir). Boylece Tablo 4.8'te verilen esbiitiinlesme testi sonuglarindan; iz
istatistiklerinden ve maksimum 6z degerlerden seriler arasinda en fazla bir esbiitiinlesme

oldugu goriilmektedir.

2.6. ARDL

Zay1f Erojenite testlerine gore tiim seriler i¢in digsallik hipotezi reddedilmistir. Bu
nedenle, elektrik sehir yiikli ve riizgar hiz1 degerleri arasindaki uzun ve kisa vadeli (Hata
diizeltme modeli) VECM (1) tahmin sonuclari verilmistir. LM testinden elde edilen
sonuglara gore 12. gecikmeye gore %S5 anlamlilik diizeyinde otokorelasyon sorunu
olmadig tespit edilmistir. Daha sonra tiim gézlemler i¢in hata terimlerinin varyansinin sabit

olup olmadig1 Beyaz Varyans Testi ile incelenmistir.
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ARDL sinir testi sonuglari Isunulmaktadir. F-testi sonucu, ilgilenilen degiskenler
arasinda egbiitiinlesmenin var oldugunu ortaya koymaktadir (p-degeri=0.000). Tablo 4.13'te
verilen ARDL (3,0,0) model tahmin sonuglarina gore tiim katsayilar istatistiksel olarak
anlamli bulunmus ve yapilan tanisal testler sonucunda modelin herhangi bir seriye sahip
olmadig1 belirlenmistir. Korelasyon, degisen varyans, spesifikasyon ve normallik
problemleri. Seriler arasinda esbiitiinlesme iliskisinin varligini arastirmak i¢in yapilan sinir

testi sonuglar1 verilmistir.

Tablo 4.13. ARDL sinir testi

F-Sinir Testi

Ho: Bos Hipotez: Diizey iliskisi yok

Test istatistigi Deger anlam. 1(0) I(1)
F- istatistigi 4.790 10% 3.17 4.14
K 2 5% 3.79 4.85

1% 5.15 6.36

t- Sinir Testi

Test istatistigi Deger anlam. 1(0) I(1)
t- istatistigi -2.344 10% -2.57 -3.21
5% -2.86 -3.53

1% -3.43 -4.1

Tablo 9'da goriilen F limit testi i¢cin F=4.78 olarak hesaplanmistir. Bu deger sadece
%10 (F > I (1)) i¢in st kritik degerlerden biiyiik oldugundan, "esbiitiinlesme yok" sifir
hipotezi olacaktir. reddedildi (0,01 igin iist kritik deger 6,36, 0,05 i¢in iist kritik deger = 4,7
ve %10 i¢in st kritik deger = 3,97).

F sinir testine gore seriler %10'a gore esbiitiinlesiktir. Ancak kosullu hata diizeltme
modeli olarak model 3 kullanildigindan bu esbiitiinlesmenin gegerli bir esbiitiinlesme olup
olmadiginin test edilmesi gerekmektedir. Bu nedenle Tablo 9'un son boliimiinde t-sinir testi

verilmistir), seriler arasinda esbiitiinlesme gecerli degildir.
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3. SONUC

Bu tezin amaci genel olarak Irak'ta iklim degisikligi ile elektrik tiiketimi arasindaki
iliskiyi 2009 ve 2019 yillar1 arasindaki zaman serisi verileri i¢in esbiitiinlesme analizi
kullanarak degerlendirmektir. Verileri iki kaynaktan elde edilmistir ve elde edilen
degiskenler elektrik yiikii, sicaklik ve sicakliktir. , nem orani ve Riizgar hizidir. Birim kokii
test etmek i¢in Artirillmig Dickey-Fuller (ADF) ve Phillip Perron (PP) yaklasimlarini
kullanilarak verilerin duraganligi arastirilmistir. ADF kullanilarak sabitsiz modelde birim
kok testleri, tiim degiskenlerin duragan olmadigin1 sonucuna varilmistir. Birinci fark
alindiktan sonradegiskenler duragan hale gelmistir. ADF test sonuglari, yalnizca nem orani
ve sicaklik degiskenlerinin duragan oldugunu ortaya koymustur.

Birinci farkalarinda duragan olan elektrik yiikii and riizgar hiz1 serileri arasinda
esbiitiinlesme illiskisi Jonahansen esbiitiinlesme medodu ile test edilmistir. Farkli diizeyde
duragan olan elektrik yiikii, riizgar hizi, ve hava sicakligi ve nem orani serileri arasindaki
esbiitiinlesme iliski ARDL metodu kullanilarak test edilmistir. Bu sonuglar, A. Ngah
Nasaruddin ve arkadaslarinin c¢alismalart ile parellik gostermistir. Elde edilen sonuglara
gore, elektrik yiikii ve rlizgar hizi serilerin uzun donemde birlikte hareket ettigi
belirlenmistir. ARDL modeli tahmin sonuglarina gore ise elektrik yiikii ile nem orani ve
rliizgar hiz1 ve hava sicaklig1 arasinda uzun donemde istatiki olarak anlamli iligki oldugu
bulunmustur. Bu sonuglar ilkim degisikligini enerji kullanimimi artiracagini

gostermektedir.






CURRICULUM VITAE

He lives in Erbil province, Iraq. He completed primary, secondary and high school
in ERBIL city. | graduated from Statistic Department taken second degree in more than one
hundred student in my class in Salahaddin University - College of Administration and
Economic in 2015. He started his Postgraduate study at the department of Statistic, Institute
of Natural Applied Sciences at Van Yiiziincii Yil University in Turkey on October 2019.



VAN YUZUNCU YIL UNIVERSITY
THE INSTITUTE OF NATURAL AND APPLIED SCIENCES

THESIS ORIGINALITY REPORT

X

3

Date: 19/10/2021

Thesis Title: IMPACT OF CLIMATE CHANGE ON RESIDENTIAL ELECTRICITY
CONSUMPTION IN ERBIL: AN ECONOMETRIC ANALYSIS

The title of the mentioned thesis, above having total 84 pages with cover page, introduction, main parts and
conclusion, has been checked for originality by Turnitin computer program on the date of 19/10/2021 and its
detected similar rate was 15 % according to the following specified filtering

Originality report rules:

- Excluding the Cover page,

- Excluding the Thanks,

-Excluding the Contents,

- Excluding the Symbols and Abbreviations,

- Excluding the Materials and Methods

- Excluding the Bibliography,

- Excluding the Citations,

- Excluding the publications obtained from the thesis,

- Excluding the text parts less than 7 words (Limit match size to 7 words)

I read the Thesis Originality Report Guidelines of Van Yuzuncu Yil University for Obtaining and Using
Similarity Rate for the thesis, and I declare the accuracy of the information I have given above and my thesis
does not contain any plagiarism; otherwise I accept legal responsibility for any dispute arising in situations
which are likely to be detected.

Sincerely yours,

14 ] 10221

Name and Surname: Zewar Omar Ismael
Student ID#: 19910001260

Department: Statistics

Program: M. Sc. X Ph.D. O
APPROVAL OF SUPERVISOR APPROVAL OF THE INSTITUTE
SUITABLE SUITABLE

Asst. Prof. Dr. Muhammed Hanifi VAN




