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ABSTRACT
This thesis, discusses the linear panel data analysis procedures which is basically models in panel
data literature. It also discusses some of the related estimation methods and the so called
individual specific effect . We discussed the unobservable individual effects as one of the key
advantages of panel data models which lead to control for omitted variables. Linear models with
constant slopes and individual intercepts (with no time effect) had particular importance in this
thesis. Appropriate estimation methods for linear panel data illustrated, ordinary least squares
and generalized least squares method and its technics were displayed as the adopted estimation
method in this thesis. Also, this thesis explain suitable estimation for fixed effect and random
effect models. Problems like endogenity and its sources, heteroskedasticity and autocorrelation
had been presented. . A lot of climate data had been treated with statistical analysis, especially
with time series. In this thesis, we look forward to dealing climate data with panel data analysis.
Global warming is our case study, we present in a simplified way the phenomenon of climate
change, some related concepts. We illustrated factors believed to be the cause of climate change
like carbon dioxide emissions and sun activity. We applied almost all methods that we
theoretically discussed in the preceding chapters on a real dataset from thirty countries included
individual temperature anomalies as dependent variable, global carbon dioxide, individual
carbon dioxide, sun spot number (sun activity) and global temperature anomalies, all as
dependent variables. The study concluded that the linear fixed effect model represent the best
model among all other linear model and it can explain more than 66% of the variance in the
independent temperature anomalies variable. Global carbon dioxide emissions is significant
variable increasing effect on temperature anomalies

per million metric

ton. Also, the Individual carbon dioxide emission is significant variable with p- value (0.000)
and decreasing effect on temperature anomalies

per million

metric ton. The overall constant in the model is significant p- value (0.0063) with increasing
effect on temperature anomalies

. The global temperature anomalies is significant

variable p-value (0.000) with increasing effect

. Which means, the

individual temperature anomalies are effected by the overall global temperature anomalies . Sun
activity variable(sun spot number) has no significant effect in the model p-value (0.9905), that
means the change in its periodic activity doesn't influence the climate change phenomena.. The
overall constant in the model is significant p- value (0.0063) with increasing effect on
temperature anomalies

. And finally, each country has its own intercept ( ̂ ), some of

them have increasing effect on the temperature anomalies and the others have decreasing effect.
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ملخص
ذٌالش ُزٍ األطشّحح إجشاءاخ ذحل٘ل ت٘اًاخ السالسل الضهٌ٘ح الومطؼ٘ح الخط٘ح ّالوؼشّفح توسؤ الثٌلّ ,الرٖ ُٖ ًوارج
أساس٘ح فٖ أدت٘اخ ت٘اًاخ الثٌل .لذهٌا هو٘ضاخ الثٌل ّأّضحٌا ذفْلِا هماسًح هغ السالسل الضهٌ٘ح ّ ًوارج االًحذاس الخطٖ,
ّذث٘ي أى ُزٍ الوو٘ضاخ ٗرثؼِا صؼْتح فٖ الرحل٘ل ّاالسرخذامّ .ألى ذحل٘ل الثٌل ٗؼرثش كأسلْب ذحل٘ل هرؼذد االذجاُاخ
( )Multivariate analysisذْجة ػلٌ٘ا إٗضاح الٌوْرج الخطٖ تاسرخذام الوصفْفاخ الشٗاض٘ح ّكزلك ت٘اى الشكل الؼام
لوصفْفح الرغاٗش .كوا ًالشٌا تؼض طشق الرمذٗش راخ الصلح ّالرأث٘ش الفشدٕ الوحذد .كزلك أّضحٌا أُن هو٘ضاخ الثٌل الوروثلح
فٖ اكرشاف الرأث٘شاخ الفشدٗح غ٘ش الماتلح لالكرشاف تاػرثاسُا إحذٓ الوضاٗا الشئ٘س٘ح لٌوارج ت٘اًاخ الثٌل ّ ,الرٖ ٗوكي هي
خاللِا الرغلة ػلٔ هشكلح الورغ٘شاخ الوخف٘ح أّ الوحزّفحّ .لمذ أّلد ُزٍ األطشّحح أُو٘ح خاصح للٌوارج الخط٘ح راخ
الوؼالن الثاترح ّالمْاطغ الفشدٗح (تذّى ذأث٘ش صهٌٖ)ّ .توا أى طشق الرمذٗش الرمل٘ذٗح ال ذجذٕ ًفؼا هغ ُزا االسلْب الورطْس ,ذن
إٗضاح تؼض طشق الرمذٗش الوٌاسثح لث٘اًاخ الثٌل الخط٘ح  ,ك طشٗمح ذمذٗش الوشتؼاخ الصغشٓ ّطشٗمح الوشتؼاخ الصغشٓ
الوؼووح ّتؼض األسال٘ة الخاصح تِا ّأسرخذاهِا كطشق هؼروذج للرمذٗش .كوا ذششح ُزٍ الشسالح ذمذٗشً ا هٌاسثًا لٌوارج الرأث٘شاخ
الثاترح ًّوارج الرأث٘شاخ الؼشْائ٘ح ّ ,األُن ك٘ف ٗوكي الرؼاهل هغ أُن هشكلر٘ي فٖ ذحل٘ل الثٌل ُّٖ ػذم الرجاًس ت٘ي ذثاٗي
االخطاء الؼشْائ٘ح ّكزلك الرشاتظ الزاذٖ ت٘ي ُزٍ األخطاء .أضف الٔ رلك الرشاتظ ت٘ي األخطاء الؼشْائ٘ح ّالورغ٘شاخ الوسرملح
ال ُو َسؤ )ّ (Endogenityهصادسٍ .اإلحرشاس الوٌاخٖ ُْ هْضْع الذساسح الرطث٘م٘ح فٖ ُزٍ االطشّحح .لذهٌا تشكل هثسظ
ظاُشج الرغ٘ش الوٌاخٖ ّتؼض الوفاُ٘ن الوشذثطح تِا .أّضحٌا تؼض الؼْاهل الوفرشضح كوسثثاخ للرغ٘ش الوٌاخٖ هثل اًثؼاثاخ
غاص ثاًٖ أكس٘ذ الكشتْى ّالٌشاط الشوسٖ .ثن لوٌا ترطث٘ك هؼظن االسال٘ة الٌظشٗح ساتمح الزكش ػلٔ هجوْػح ت٘اًاخ حم٘م٘ح
ذشول ثالثْى دّلح ّفِ٘ا هرغ٘ش اًحشاف دسجاخ الحشاسج ػي الورْسظ كورغ٘ش ذاتغّ ,هرغ٘شاخ اًثؼاثاخ ثاًٖ أكس٘ذ الكشتْى
الوحل٘ح ّاًثؼاثاذَ الؼالو٘ح ّكزلك اًحشاف دسجاخ الحشاسج الؼالو٘ح ػي الورْسظ ّػذد الثمغ الشوس٘ح (الٌشاط الشوسٖ),
جو٘ؼِا كورغ٘شاخ هسرملح .اسرٌرجد الذساسح أى ًوْرج الرأث٘شاخ الثاترح ُْ األفضل هي ت٘ي الٌوارج االخشّٓ ,أى ُزا الٌوْرج
ٗوكٌَ ذفس٘ش  %66هي الرثاٗي الخاص تالورغ٘ش الراتغ .كوا أى هرغ٘ش اًثؼاثاخ الكشتْى الؼالو٘ح رّ داللح إحصائ٘ح ػٌذ p-value
لكل هلْ٘ى طي
ّ 0.05لَ ذأث٘ش تالضٗادج ػلٔ اًحشاف دسجاخ الحشاسج ػي الورْسظ تومذاس
هرشٕ ,كوا أى هرغ٘ش اًثؼاثاخ ثاًٖ أكس٘ذ الكشتْى الوحل٘ح رّ داللح احصائ٘ح ػٌذ ّ p-value 0.05لَ ذأث٘ش تالسالة ػلٔ
لكل هلْ٘ى طي هرشٕ .كوا أى همذاس الثاتد
اًحشاف دسجاخ الحشاسج ػي الورْسظ تومذاس
,كوا أى هرغ٘ش هرْسظ اًحشاف
رّ داللَ احصائ٘ح ػٌذ )ّ p- value (0.05لَ ذأث٘ش تالضٗادج تومذاس
 .أها هرغ٘ش ػذد الثمغ
دسجاخ الحشاسج الؼالو٘ح رّ داللح احصائ٘ح ػٌذ  p-value 0.05تومذاس
الشوس٘ح ّالخاص تالٌشاط الشوسٖ لن ٗكي رّ داللح احصائ٘ح ) , p-value (0.9905إٔ أى الشوس ل٘س لِا دّس ٗزكش فٖ
االحرشاس الوٌاخٖ .كوا أى لكل دّلح همذاس ثاتد خاص تِا ̂ تؼضِا رّ ذأث٘ش تالضٗادج ّتؼضِا تالسالة.
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CHAPTER ONE
INTRODUCTION
1.1 Background
Day after day, the role of statistical analysis is magnified, and it is no longer limited to a certain
science. Statistical analysis became effective in various fields of science, medicine, pharmacy,
economics, management and social sciences. In this thesis we will try to use an emerging
statistical method which is panel data. A lot of climate data had been treated with statistical
analysis, especially with time series. In this thesis, we look forward to dealing climate data with
panel data analysis. Panel data are repeated observations on the same cross section unit, typically
of individuals or firms (in microeconomic applications), observed for several time periods. The
possibility to pool observations over two dimensions (individuals and time) allows estimation of
the common parameters of interest even when one of the dimensions can be of limited size.
The key advantage of using panel data is the possibility to perform statistical inference on
quantities that can have a causal interpretation, at the same time controlling for unobservable
cross-sectional and time-series characteristics (hence avoiding omitted variable bias). One of the
most common examples of such characteristics, the so-called individual specific effect. In order
to consistently estimate the coefficients in that model, researchers need to control for
heterogeneity. Unfortunately, nonexperimental data containing information on individual are
scarce. Without such information, it is extremely difficult to control for unobserved using crosssectional data to obtain statistical results that can be interpreted as causal. In contrast, when panel
data are available, a variety of estimation methods can be used to control for the unobservable
individual effects. As was mentioned above, one of the key advantages of panel data models is
the possibility to control for omitted individual and time-specific variables, without any need to
rely on external instruments. There are three major traditions for analyzing panel data (Finkel,
1995), each offering different tools for strengthening causal inference, econometric approach ,
structural equation modeling approach and multilevel/hierarchical/growth model approach.
The first, Econometric Approach rooted in economics and program evaluation, puts greatest
emphasis on problem of omitted variable bias, unobserved heterogeneity. The econometric
tradition emphasizes the use of panel data to overcome the omitted variable problem. These
methods, in addition, embed panel analysis within the more general “counterfactual” approach to
causal inference, which has now become the standard framework for conceptualizing and
estimating causal effects in the social sciences. Econometric strategy depends on using repeated
-1-

observations on the same units as a mean of estimating the effects of independent variables that
are cleared of potential selection biases related to unobserved or omitted variables.
The second, structural equation modeling (SEM) approach rooted in sociology, psychology,
early political science, puts greatest emphasis on problems of reciprocal causality and
measurement error. This type can help overcome endogeneity biases (refers to anytime there is a
violation of the third assumption in ordinary least square estimation) and strengthen causal
inference, it can leverage the temporal ordering of variables to see what causes what, it also use
multiple waves of observation to estimate complex models with reciprocal causality and
measurement error. These advantages are the focus of structural equation modeling (SEM)
methods that use panel data to sort out causal direction and correct for measurement error.
The last, multilevel/hierarchical/growth model approach rooted in biostatistics, medicine,
education, developmental psychology, puts greatest emphasis on temporal change and its
determinants.
In this thesis we will use the first approach, econometric panel data methods. It became an
important part of the econometrics curriculum around the world. Furthermore, more specialized
textbooks of Hsiao (2002), Arellano (2003) and Baltagi (2013) have become standard in the
literature, and might serve the readers of this thesis as a more general introduction into the field
of panel data. The applicability and importance of (dynamic) panel data models for empirical
economists can be illustrated by the fact that the seminal paper of Arellano and Bond (1991) is
one of the most cited papers in the econometrics literature since the early 90s.
As applied study, we study the global warming and related variables in many countries, and
apply panel data analysis methods on the data.

1.2 Research Problem
The key advantage of using panel data is the possibility to perform statistical inference
on quantities that can have a causal interpretation, at the same time controlling for
unobservable cross-sectional and time-series characteristics (hence avoiding omitted
variable bias).
Accordingly, the main research problem of this thesis , how the panel data analysis can be used
to create linear models that best describe the climate change tendency in the northern
hemisphere. The results of this will show the validity and compatibility of these liner panel
models with results approved by relevant climate agencies, or curious about it.

-2-

1.3 Research Methodology
In this thesis, we will discuss the basics of theoretical panel data analysis. Then this
methodology will be applied on climate data in many countries cross the world. The
methodology in this thesis can divided into four parts as follows
Part 1 : we will cover the theoretical discussion of panel data, advantages, disadvantages,
mathematical symbols, linear panel data models and some related statistical tests. Dealing with
omitted variables as basic feature in panel data will be mentioned. And in this part random
effect and fixed effect models will have particular importance.
Part 2 : Appropriate estimation methods for linear panel data models will be covered. We will
discuss their assumptions, and their uses in testing hypothesis. We will looking for a solution for
endogeneity problem as a result of omitted variable.
Part 3 : The issue of climate change will discussed, definition of climate change, some related
concepts, many useful graphs and finally the most important factors affecting climate change.
Part 4 : In the last part, it is the discussion of the case study. Using Eviews software, we will
apply panel data models on our climate change data.
1.4 Research Objectives
This study aims to discuss the use of linear panel data model in the analysis of climate change
data in many countries.
Thus the main objectives of this thesis are:


Discussing the theoretical side of linear panel data models



Discussing the theoretical side of fixed effect model and random effect model.



Getting the best estimation methods for nonspherical data (data with heterogeneity or
autocorrelation).



Applying all the above methods on real climate change data from many countries. And to
identify the efficacy of the panel data to build a model which can explains the direction
of climate change.



Definition of the phenomenon of climate change causes and effects.



Getting recommendations that can be used in the field of climate change.

-3-

1.5 Literature Review
Many studies have been conducted on formulation of stochastic econometric models, one of
these studies was the famous and influential Haavelmo(1944) monograph's. He found that
two individuals, or the same individual in two different time periods, may be confronted with
exactly the same set of specified influencing factors, and still the two individual may have
different dependent variable quantities. He try to remove such discrepancies by introducing
more "explaining" factors. But, usually, he exhaust the number of factors which could be
considered as common to all individuals, and which, at the same time, were not merely of
negligible influence upon dependent variable. And he found that, discrepancies for each
individual may depend upon a great variety of factors, these factors may different from one
individual to another, and they may vary with time for each individual.
Wansbeek & Prak (2017) considered the static linear panel data model with a single
regressor. For this model, they derive the LIML (limited information maximum likelihood)
estimator. They study the asymptotic behavior of this estimator under many-instruments
asymptotics, by showing its consistency, deriving its asymptotic variance, and by presenting
an estimator of the asymptotic variance that is consistent under many-instruments
asymptotics. they briefly indicate the extension to the static panel data model with multiple
regressors.
Meijer, et al. (2017) said measurement error causes a downward bias when estimating a
panel data linear regression model. The panel data context offers various opportunities to
derive moment conditions that result in consistent GMM estimators. They consider three
sources of moment conditions: (i) restrictions on the intertemporal covariance matrix of the
errors in the equations, (ii) heteroskedasticity and nonlinearity in the relation between the
error-ridden covariate and another, error-free, covariate in the equation, and (iii) nonzero
third moments of the covariates. In a simulation study they showed that these approaches
work well
Moral-Benito, et al. (2017) described a dynamic panel data modelling using maximum
likelihood as an alternative to Arellano-Bond. The Arellano and Bond (1991) estimator is
widely-used among applied researchers when estimating dynamic panels with fixed effects
and predetermined regressors. This estimator might behave poorly in finite samples when the
cross-section dimension of the data is small (small N), especially if the variables under
analysis are persistent over time. This paper discussed a maximum likelihood estimator that
is asymptotically equivalent to Arellano and Bond (1991) but presents better finite sample
behaviour. According to this paper, the estimator is easy to implement in Stata using the
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xtdpdml command as described in the companion paper Williams et al. (2016), which also
discusses further advantages of the proposed estimator for practitioners.
Bell & Jones, (2015) present challenges fixed effects modeling as the default for timeseries-cross-sectional and panel data. They refer to understanding different within and
between effects as crucial when choosing modeling strategies. They remind that the
downside of random effects modeling correlated lower level covariates and higher level
residuals is omitted variable bias, solvable with Mundlak's (1978a) formulation.
Consequently, random effect can provide everything that fixed effect promises and more, as
confirmed by Monte-Carlo simulations, which additionally show problems with Plümper and
Troeger's fixed effect vector decomposition method when data are unbalanced. They showed
that as well as incorporating time-invariant variables, random effect models are readily
extendable, with random coefficients, cross-level interactions and complex variance
functions. They discuss not simply for technical solutions to endogeneity, but for the
substantive importance of context/heterogeneity, modeled using random effect. They claimed
that the implications extend beyond political science to all multilevel datasets. They
illustrated that omitted variables could still bias estimated higher-level variable effects; as
with any model, so that care is required in interpretation.
(Hsiao, 2014) provides a comprehensive, coherent, and intuitive review of panel data
methodologies that are useful for empirical analysis. Substantially revised from the previews
edition, it includes two new chapters on modeling cross-sectionally dependent data and
dynamic systems of equations. Some of the more complicated concepts have been further
streamlined. Other new material includes correlated random coefficient models, pseudopanels, duration and count data models, quantile analysis, and alternative approaches for
controlling the impact of unobserved heterogeneity in nonlinear panel data models.
Fernández & Lee. (2013) suggested a new fixed effects estimation and inference in linear
and nonlinear panel data models with random coefficients and endogenous regressors. The
quantities of interest means, variances, and other moments of the random coefficients are
estimated by cross sectional sample moments of generalized method of moments (GMM)
estimators applied separately to the time series of each individual. To deal with the incidental
parameter problem introduced by the noise of the within-individual estimators in short
panels, they develop bias corrections. These corrections are based on higher-order
asymptotic expansions of the GMM estimators and produce improved point and interval
estimates in moderately long panels. Under asymptotic sequences where the cross sectional
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and time series dimensions of the panel pass to infinity at the same rate, the uncorrected
estimators have asymptotic biases of the same order as their asymptotic standard deviations.
The bias corrections remove the bias without increasing variance. This technic was applied
on empirical example on cigarette demand based on Becker, Grossman, and Murphy (1994)
shows significant heterogeneity in the price effect across U.S. states.
(Baltagi, 2008) Written one of the world's leading researchers and writers in the field,
Econometric Analysis of Panel Data has become established. This new edition reflects the
rapid developments in the field covering the vast research that has been conducted on panel
data since its initial publication. Featuring the most recent empirical examples from panel
data literature, data sets are also provided as well as the programs to implement the
estimation and testing procedures described in the book. The text has been fully updated with
new material on dynamic panel data models and recent results on non-linear panel models
and in particular work on limited dependent variables panel data models.
(Frees, 2004) published a book focusing on an analysis of models and data that arise from
repeated observations of a cross-section of individuals, households or firms, this book also
covers important applications within business, economics, education, political science and
other social science disciplines. The author introduces the foundations of longitudinal and
panel data analysis at a level suitable for quantitatively oriented graduate social science
students as well as individual researchers. He emphasizes mathematical and statistical
fundamentals but also demonstrates substantive applications from across the social sciences.
These applications are enhanced by real-world data sets and software programs in SAS and
Stata.
(Greene, 2002) has its own protocol for estimating random parameter models, including the
limited dependent variable models. The limited dependent variable models are population
averaged models. In LIMDEP, the estimation for such models begins with an OLS estimation
of starting values and then proceeds to simulation with Halton draws. This procedure, Greene
maintains, is generally faster than the quadrature estimation used by Stata. When the panels
are large in number and size, it may be the only timely method for estimation.
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1.6 Organization Of The Thesis:
This thesis can be outlined as follows:
Chapter 1, introduction with simple background, research problem, research methodology,
research objectives and literature review.
In chapter 2, we will discuss panel data definition and its importance mentioning its
advantages. And also we'll explain some of the related math symbols. We explained the
superiority of the panel data with respect to cross sectional data or time series. General linear
model with some restrictions to make its parameters estimable . Models with constant slopes
and variable intercepts (linear panel data models with individual specific effect) will have
particular importance, clarify its advantages in solving the problem of the omitted variables
and heterogeneity among individuals. Fixed effect and random effect are well known models,
will appear according to the correlation between omitted variable and our explanatory
variables. Statistical assumptions needed for this models and for its data will discussed .
Finally, we will address suitable estimation methods to get unbiased and consistent
parameters.
In chapter 3, Appropriate estimation methods for linear panel data will be illustrated.
Ordinary least squares estimation, properties of the OLS estimators, the Gauss-Markov
assumptions and the Variance-Covariance Matrix of the OLS estimates, all these concepts
will discussed. Also we offer suitable estimation for fixed effect and random effect models.
Endogenity and its sources, heteroskedasticity and autocorrelation, we have to fit all these
delicate problems. And we represent the generalized least square method (GLS) as ideal
solution for many problems. Some required tests, testing for Heteroskedasticity, BreuschPagan test and the Hausman test will be present in this chapter.
In chapter 4, We will present in a simplified way the phenomenon of climate change, some
related concepts. We will illustrate factors believed to be the cause of climate change like
carbon dioxide emissions and sun activity.
In chapter 5, we applied almost all methods that we theoretically discussed in the preceding
chapters on a real dataset on carbon dioxide, sun active spot and temperature in many
countries. Of course, we will introduce an overall view of the data using some descriptive
statistics. Finally we will frame suitable model for the temperature characteristic.
Chapter 6, conclusion and recommendations.
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CHAPTER TWO
LINEAR PANEL DATA MODEL
2.1 Introduction
A panel is a cross-section or group of people who are surveyed periodically over a given time
span. In panel data, individuals (persons, firms, cities, ... ) are observed at several points in time
(days, years, annuals, ...). Regression analysis and time series analysis are two important applied
statistical methods used to analyze data. Regression analysis is a special type of multivariate
analysis, where several measurements are taken from each subject. We identify one
measurement as a response, or dependent variable; the interest is in making statements about this
measurement, controlling for the other variables. With regression analysis, it is customary to
analyze data from a cross-section of subjects. In contrast, with time series analysis, we identify
one or more subjects and observe them over time. This allows us to study relationships over
time, which called dynamic aspect of a problem. To employ time series methods, we generally
restrict ourselves to a limited number of subjects that have many observations over time.
Using panel data we can benefit from the advantages of the two types together.
(Hsiao,2014) define panel data analysis as a marriage of regression and time series analysis. As
with many regression data sets, longitudinal data are composed of a cross-section of subjects.
Unlike regression data, with longitudinal data we observe subjects over time. Unlike time series
data, with longitudinal data we observe many subjects. Observing a broad cross-section of
subjects over time allows us to study dynamic, as well as cross-sectional, aspects of a problem.
(Baltagi, 2005) also define panel data to the pooling of observations on a cross-section of
households, countries, firms, etc. over several time periods.
( Dymond, 2015) mentioned that time series and cross-sectional data can be thought of as
special cases of panel data that are in one dimension only (one panel member or individual for
the former, one time point for the latter.
Therefore, observations in panel data involve at least two dimensions, a cross-sectional
dimension, indicated by subscript 𝑖, and a time series dimension, indicated by subscript t .
We would add that there is also a type of data that's in between cross-sectional data and panel
data. It is typically called repeated cross-sections or pooled cross-sections randomly sampled
cross sections of individuals at different points in time. For example, annual labour force surveys
are repeated cross-sections, because every year, a new random sample is taken from the
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population. In this case, there is a time component, so these are not cross-sectional data, but
every year, new individuals are surveyed, so these are also not panel data. That's why these are
called repeated cross-sections. In panel data, we are following the same units i.e. the same
households or individuals over time.
We would like to note the difference between panel data and pooled cross sectional data (The
identity of the individuals is not recorded, and there is no attempt to follow individuals over
time. This is the key reason why pooled cross sections are different from panel data) (Paulsen,
2014). In general panel data models are more ’efﬁcient’ than pooling cross-sections, since the
observation of one individual for several periods reduces the variance compared to repeated
random selections of individuals. (Baltagi, 2005) mentions some examples for panel data from
several different countries, two well-known examples of US panel data are the Panel Study of
Income Dynamics (PSID) collected by the Institute for Social Research at the University of
Michigan and the National Longitudinal Surveys (NLS) which is a set of surveys sponsored by
the Bureau of Labor Statistics . In Europe, various countries have their annual national or more
frequent surveys – the Netherlands Socio-Economic Panel (SEP), the German Social Economics
Panel (GSOEP), the Luxembourg Social Economic Panel (PSELL) and the British Household
Panel Survey (BHPS).
In developing countries panel data have also become increasingly available. In these countries,
there may not have a long tradition of statistical collection. (The World Bank has sponsored and
helped to design many panel surveys. For instance, the Development Research Institute of the
Research Center for Rural Development of the State Council of China, in collaboration with the
World Bank, undertook an annual survey of 200 large Chinese township and village enterprises
from 1984 to 1990) (Hsiao, 2014).
In the last 50 years, panel studies have grown in number and importance across the social,
medical, and public-health sciences. In spite of the lack of clear and precise statistics about the
use of panel data, some books supports the steady increase. Panel data are increasingly used in
various fields, they are widely used in the social science literature, where panel data are also
known as pooled cross-sectional time series and in the natural sciences, where panel data are
referred to as longitudinal data. (To illustrate, an index of business and economic journals lists
270 articles in 2001 and 2002 that use panel data methods. Another index of scientific journals,
lists 811 articles in 2001 and 2002 that use longitudinal data methods).(Frees, 2004). And these
are only the applications that were considered innovative enough to be published in scholarly
reviews.
Arellano(2003) said there is a proliferation of panel data studies, be it methodological or
empirical, and he cited three factors contributing to the geometric growth of panel data studies.
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(i) data availability, (ii) greater capacity for modeling the complexity of human behavior than a
single cross-section or time series data, and (iii) challenging methodology.
Panel data analysis is a means of studying a particular subject within multiple sites, periodically
observed over a defined time frame, with this repeated observations of enough cross-sections,
panel analysis permits the researcher to study the dynamics of change with short time series.
Absolutely, the combination of time series with cross-sections can enhance the quality and
quantity of data in ways that would be impossible using only one of these two dimension. On
this basis, we found that panel analysis infiltrated in all human and medical sciences. Within the
social sciences, it is evident through the example of applied studies in sociology researches, they
cares about human behavior which can appear through observe changes occurring over time and
its reasons. In economics, they interested in comparing economic systems and know the most
influential factor on a particular variable panel data analysis is used to study the behavior of
firms and wages of people over time. In educational research, researchers study classes of
students or graduates over time. In political science, it is used to study political behavior of
parties and organizations over time. It is used in psychology, sociology and health research to
study characteristics of groups of people followed over time. While in medical researchers are
interested in establishing a reference for some medical tests and some human characteristics.
2.2 Panel data versus time series and cross sectional data
Models of panel data are sometimes differentiated from regression and time series through their
“double subscripts.” With this notation, we may distinguish among responses by subject and
time. To this, define 𝑦𝑖𝑡 to be the response for the 𝑖th subject during the 𝑡th time
period. A longitudinal data set consists of observations of the 𝑖th subject over 𝑡 = 1,2, … , 𝑇𝑖 time
periods, for each of 𝑖 = 1,2, … , 𝑁 subjects denoting households, individuals, firms, countries,
etc. The 𝑖 subscript, therefore, denotes the cross-section dimension whereas 𝑡 denotes the timeseries dimension.
Thus, we observe:
first subject

- {𝑦11 , 𝑦12 , 𝑦13 … 𝑦1𝑇1 }

second subject

- { 𝑦21 , 𝑦22 , 𝑦23 … 𝑦2𝑇2 }

𝑁 𝑡ℎ subject

- {𝑦𝑁1 , 𝑦𝑁2 , 𝑦𝑁3 … 𝑦𝑁𝑇 }
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𝑦11
𝑦21
Time series ( ⋮
𝑦𝑁1

Cross section
𝑦12 … 𝑦1𝑇 1
𝑦22 … 𝑦2𝑇2
⋱
⋮
⋮ )
𝑦𝑁2 … 𝑦𝑁𝑇

𝑦11
𝑦21
𝑦𝑖1
𝑦𝑁1
𝑦12
𝑦22
𝑦𝑖2
𝑦𝑁2
𝑦13
𝑦23
𝑦𝑖3
𝑦𝑁3
𝒚1 =
,
𝒚
=
,
…
,
𝒚
=
,
𝒚
=
2
𝑖
𝑁
⋮
⋮
⋮
⋮
𝑦1𝑡
𝑦2𝑡
𝑦𝑖𝑡
𝑦𝑁𝑡
(𝑦1𝑇 )
(𝑦2𝑇 )
(𝑦𝑖𝑇 )
(𝑦𝑁𝑇 )

(2.1)

Where Y represent the dependent variable.
1 𝑥11
1 𝑥12
⋮
𝑿1 = ⋮
1 𝑥1𝑡
(1 𝑥1𝑇

𝑥21
𝑥22
⋮
𝑥2𝑡
𝑥2𝑇

⋯
…
⋱
⋱
…

𝑥𝑖1
𝑥𝑖2
⋮
𝑥𝑖𝑡
𝑥𝑖𝑇

𝑥𝑘1
𝑥𝑘2
⋮
𝑥𝑘𝑡
𝑥𝑘𝑇 )

where 𝑋1 represent the independent variables for the first individual.
1 𝑤11
1 𝑤12
⋮
𝑿𝑖 = ⋮
1 𝑤1𝑡
(1 𝑤1𝑇

𝑤21
𝑤22
⋮
𝑤2𝑡
𝑤2𝑇

⋯
…
⋱
⋱
…

𝑤𝑖1
𝑤𝑖2
⋮
𝑤𝑖𝑡
𝑤𝑖𝑇

𝑤𝑘1
𝑤𝑘2
⋮
𝑤𝑘𝑡
𝑤𝑘𝑇 )

(2.2)

where 𝑋𝑖 represent the independent variables for the 𝑖th individual.
Note that in balance data (all individuals has the same time periods)
𝑇1 = 𝑇2 = … = 𝑇𝑖 = 𝑇𝑁 = 𝑇
𝛽0
𝛽1
𝜷 = 𝛽2
⋮
(𝛽𝑘 )

(2.3)

A standard panel data set model will be in the compact form
𝒀 = 𝑿𝜷 + 𝜶 + 𝒖

(2.4)

X is a ∑𝑖 𝑇𝑖 × (𝐾 + 1) matrix
𝜷 is a (𝐾 + 1) × 1 matrix
𝜶 is a ∑𝑖 𝑇 𝑖 × 1 matrix.
Y and 𝒖 is a ∑𝑖 𝑇𝑖 × 1 matrix
Where K equal the number of independent variable included in the model.
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We will present here through two simple examples, the priority of panel data comparing to time
series and cross section methodologies.
2.2.1 Longitudinal data versus time series
let consider the simplest case of panel data which is paired t -test. This table show captopril data
from (Verbeke& Molenberghs, 2000)

Table2.1: (captopril data)
Patient

SBP

SBP

1

210

201

2

169

165

3

187

166

4

160

157

5

167

147

6

176

145

7

185

168

8

206

180

9

173

147

10

146

136

11

174

151

12

201

168

13

198

179

14

148

129

15

154

131

These data for 15 patients with hypertension. The response of interest is the supine blood
pressure (SBP) before and after treatment with captopril drug which used to treat high blood
pressure(hypertension). The question is how does treatment affect blood Pressure ? Paired
observation most simple example of longitudinal data which illustrate much variability between
subjects.

Figure 2.1 Blood pressure after and before captopril dose (Verbeke & Molenberghs, 2000)

- 12 -

2.2.2 Paired versus Unpaired t-test
The classical analysis of paired data is based on comparisons within subjects:
∆𝑖 = 𝑦𝑖1 - 𝑦𝑖2

, 𝑖 = 1,2, … … ,15.

(𝟐. 𝟓)

A positive ∆i corresponds to a decrease of the blood Pressure, while a negative ∆i is equivalent to
an increase. Testing for treatment effect is now equivalent to testing whether the average
difference 𝜇∆ equals zero. The average change in blood Pressure is statistically, significantly
different from zero(p= 0.001). As appeared in fig.2.1, using paired t-test we found a decrease of
the blood Pressure. What if we had ignored the paired nature of the data ? We then could have
used a two-sample (unpaired) t-test to compare the average blood pressure of untreated
patients (controls) with treated patients. We would still have found a significant difference (p=
0.0366), but the p-value would have been more than 30× larger compared to the one obtained
using the paired t-test (p= 0.001). Then we have a conclusion 15 × 2 ≠ 30 × 1 .
The two-sample t-test does not take into account the fact that the 30 measurements are not
independent observations. This illustrates that classical statistical models which assume
independent observations will not be valid for the analysis of longitudinal data.
2.2.3 Cross-sectional versus longitudinal data
Divorce rates example from (Frees, 2004). Here we have divorce rates for 50 states (USA) in
1965 as dependent variable and AFDC (Aid to Families with Dependent Children) payments for
the fifty states as independent variable .Using cross-sectional analysis we get a negative

relation with coefficient -0.37. This result is acceptable for someone that this negative
relationship is intuitively plausible; wealthy states can afford high welfare payments and
produce a cultural and economic climate conducive to low divorce rates. Others can
argue this result , states with desirable economic climates enjoy both a low divorce rate
and low welfare payment so it must be positive relation.

Figure 2.2 A negative relation; with correlation coefficient -0.37(Frees, 2004).
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In 1975 the same variables are collected and we get a negative relation with corresponding
correlation is -0.425.The following figure contains both the 1965 and 1975 data ;a line connects

the two observations within each state.

Figure 2.3. Plot of divorce versus AFDC Payments – 1965 and 1975 (Frees, 2004)
Each line show a positive relationship that is, as AFDC Payments increase so do divorce rates in
each state . The point is that the dynamic relation between divorce and welfare payments within
a state differs dramatically from the cross-sectional relationship between states.
2.3 Advantages and drawback of panel data
There are several advantages of longitudinal data compared with either purely crosssectional or
purely time series data. In this chapter, we focus on important advantage which is detecting
heterogeneity between individuals. Of course, longitudinal data are more complex than purely
crosssectional or times series data and so there is a price in working with them. We can shorten
the advantages in the following points
1- The most important benefit of panel data is its assumption about heterogeneity .
Panel data assume individuals are heterogeneous. Heterogeneity isn't taken in consideration with
time series and cross section studies which run the risk of obtaining biased results. (The
fundamental advantage of a panel data set over a cross section is that it will allow the researcher
great flexibility in modeling differences in behavior across individuals)(Greene, 2011). This
individual differences will take paramount importance in these thesis ,which known as
heterogeneity.
Baltagi (2005) give an example, cigarette demand across 46 American states for the years 1963–
1988. Consumption is modeled as a function of lagged consumption, price and income. These
variables vary with states and time. However, there are a lot of other variables that may be stateinvariant or time-invariant that may affect consumption.
Education or religion is an example for variable vary with states, one may not be able to get the
percentage of the population that is, say, Mormon in each state for every year, nor does one
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expect that to change much across time. Examples of time invariant include advertising on TV
and radio. This advertising is nationwide and does not vary across states. In addition there are
many virtual variables hard to obtain or measure can't be included in the model. These neglected
variables may cause bias. This panel technic holds whether these variables are observable or not.
One may ask if Individuals are in fact homogenous what about heterogeneity assumption ? there
is no matter, we just get robust estimation for heterogeneity.
2- Panel data show dynamic relationships .It allows us to observe how the individual change
during the development process. consider the following example taken from (Hsiao, 2003)
Suppose that a cross-sectional sample of married women is found to have an average yearly
labor-force participation rate of 50 percent.
At one extreme this might be interpreted as implying that each woman in a homogeneous
population has a 50 percent chance of being in the labor force in any given year, while at the
other extreme it might imply that 50 percent of the women in a heterogeneous population always
work and 50 percent never work. In the first case, each woman would be expected to spend half
of her married life in the labor force and half out of the labor force, and job turnover would be
expected to be frequent, with an average job duration of two years. In the second case, there is no
turnover, and current information about work status is a perfect predictor of future work status.
To discriminate between these two models, we need to utilize individual labor-force histories to
estimate the probability of participation in different subintervals of the life cycle. This is possible
only if we have sequential observations for a number of individuals. However, only by tracking
repeated observations on a sample of individuals can we study the duration of work, or time
until work, another dynamic event of interest.
3- Panel data models allow us to construct and test more complicated behavioral models than
purely cross-section or time-series data. For example, technical efficiency is better studied and
modeled with panels)(Baltagi, 2005).
4- Hsiao (2003) reported great importance to the panel analysis in dealing with some of the
empirical data, which gives illogical results when analyzed using crossection analysis, you may
find some real reason (or does not find) certain effects is the presence of omitted explanatory
variables. These omitted variables may be mismeasured or unobserved and may have a
significant correlation with our explanatory variables.( a primary motivation for using panel data
is to solve the omitted variables problem)( Wooldridge, 2002). These omitted variables have
deep impact in panel analysis.
5- Panel data give more informative data, more variability, less collinearity among the variables,
more degrees of freedom and more efficiency, which lead to a large number of data points,
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increasing the degree of freedom and reducing the collinearity among explanatory variables ,as a
result we have more accurate estimation for our parameters.
6- Panel data involve at least two dimensions, a cross-sectional dimension and a time series
dimension. Under normal circumstances one would expect that the computation of panel data
estimator or inference would be more complicated than cross-sectional or time series data.
However, in certain cases panel data has simple computation and statistical inference ,panel data
estimator would be more simple than estimators based on cross-sectional or time series data
alone. (Hsiao, 2014).
7- Generating more accurate predictions for individual outcomes by pooling the data rather than
generating predictions of individual outcomes using the data on the individual in question. If
individual behaviors are similar conditional on certain variables, panel data provide the
possibility of learning an individual’s behavior by observing the behavior of others. Thus, it is
possible to obtain a more accurate description of an individual’s behavior by supplementing
observations of the individual in question with data on other individuals.
In spite of its advantages, there are drawbacks of panel data
1- Variation between individuals usually far exceeds variation over time for an individual, so a
panel with T waves doesn’t give T times the information of a cross-section. (Wooldridge, 2010).
2- The collection of panel data is obviously much more costly than the collection of crosssectional or time series data.

3- Features of panel data accompanied by the difficulty of analysis, we have more assumptions
to be hold. Assumptions from time series and from cross section analysis. Conventional methods
of estimation is not feasible.

4- The one big disadvantage of the fixed effects model (basic model in panel data) is that the
error terms may be correlated with the individual effects. If group effects are uncorrelated with
the group means of the regressors, it would probably be better to employ a more parsimonious
parameterization of the panel model.(Yafee, 2003).
It is worth mentioning here that we will only deal with linear panel data models. That means we
assume the data we are dealing with linear relation between our variables. Nonlinear model does
not exist in this thesis, Confine ourselves with linear relation.

- 16 -

2.4 Linear panel data model
There are many linear panel models according to parameters variation, slopes and intercepts may
vary over time dimension, individual dimension or both together. We can choose the most
effective model, taking into consideration its simplicity with respect to others. Some statistical
hypothesis can guide to appropriate model. A very general linear model for panel data permits
the intercept and slope coefﬁcients to vary over both individual and time, with
𝒀𝒊𝒕 = 𝜷𝒊𝒕 𝑿𝒊𝒕 + 𝜶𝒊𝒕 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.6)

This model is not estimable because there are more parameters to estimate than observations.
(N T (K + 1) + (number of parameters characterizing the distribution of 𝒖𝒊𝒕 ))(Hsiao, 2003)

which is larger than NT . So we have to place some restrictions on the extent to which 𝜶𝒊𝒕 and
𝜷𝒊𝒕 vary with 𝑖 and 𝑡, and on the behavior of the error 𝒖𝒊𝒕 .
𝒀𝒊𝒕 represent dependent variable as a ∑𝒊 𝑻𝒊 × 𝟏 matrix
𝑿𝒊𝒕 represent expletory variables as a ∑𝒊 𝑻𝒊 × 𝑲 matrix
𝜷𝒊𝒕 represent coefficients as a K × 𝟏 matrix
𝜶𝒊𝒕 represent individual effect as a ∑𝒊 𝑻 𝒊 × 𝟏 matrix.
𝒖𝒊𝒕 represent error term as a ∑𝒊 𝑻 𝒊 × 𝟏
Where K equal the number of independent variable included in the model.
(Cameron &Trivedi , 2005) assume the first restriction that parameters are constant over time
but may change over individuals .These restriction may be useful in our research cause we have
a teeny change over time in our data .IPCC in its fifth assessment report (2013) refer to the
observed warming in the period 1951 to 2010 approximately 0.6°C to 0.7°C .
The last restriction lead us to the following model
𝒀𝒊𝒕 = 𝜷𝒊 𝑿𝒊𝒕 + 𝜶𝒊 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.7)

Three types of restrictions can be imposed on (2.7),then we have
- Both slope and intercept coefﬁcients are the same for all individuals
𝒀𝒊𝒕 = 𝜷 𝑿𝒊𝒕 + 𝜶 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.8)

- intercepts are the same but slopes differ over individuals
𝒀𝒊𝒕 = 𝜷𝒊 𝑿𝒊𝒕 + 𝜶 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.9)

- slopes are the same but intercepts differ over individuals
𝒀𝒊𝒕 = 𝜷 𝑿𝒊𝒕 + 𝜶𝒊 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇
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(2.10)

According to (Frees, 2003) (2.8) model called homogenous model while (2.9) and (2.10) are
heterogeneous models.
(2.8) is the most restrictive model well known as pooled model that speciﬁes constant
parameters and ignore time and individuals dimensions, we need the usual assumption for
crosssection analysis, (then ordinary least squares provides consistent and efﬁcient estimates of
the common α and the slope vector β)(Greene, 2012). Failure to include heterogeneity quantities
in the model may introduce serious bias into the model estimators, so this model can't be used to
detect the differences between individuals , thus we lose the most important feature of panel
analysis.
(Hsiao, 2003) refer to seldom meaningful to ask if the intercepts are the same when the slopes
are unequal, we shall ignore the type of restrictions postulated by (2.9). And he stated that
models with constant slopes and variable intercepts are most widely used when analyzing
panel data because they provide simple yet reasonably general alternatives to the assumption that
parameters take values common to all individuals at all times . (The individual-speciﬁc effects
model allows each cross-sectional unit to have a different intercept term though all slopes are the
same) (Cameron & Trivedi, 2005). All texts in panel data analysis give this model a special
importance with its benefit to observe heterogeneity among individuals beside simple analysis
compared to models with variable slopes. Therefore this will be adopted in this thesis and will
examine with full details. Then equation (2.6) represent our desired model
𝒀𝒊𝒕 = 𝑿𝒊𝒕 𝜷 + 𝜶𝒊 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.11)

(Chamberlain,1982) said it seems plausible that panel data should be useful in separating
the effects of Xit and αi in this case.
In our model 𝑿𝒊𝒕 represent the explanatory variables included in the regression to estimate model
parameters. These explanatory variables are observable and can be measured , in this case
ordinary least squares method is available and give unbiased estimation. The question is ,what if
there are omitted variables? These omitted variables are unobservable and virtual can't be
measured. (An unobserved, time-constant variable is called an unobserved effect in panel
data analysis).( Wooldridge, 2002).
(The heterogeneity, or individual effect contains a constant term and a set of individual or
group speciﬁc variables, which may be observed, such as race, sex, location, and so on, or
unobserved, such as family speciﬁc characteristics, individual heterogeneity in skill or
preferences, and so on, all of which are taken to be constant over time t) (Greene, 2012) .
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Away from mathematical formulas, we would like to note the real fact of this term, 𝜶𝒊 , it
denotes the heterogeneity caused by unobservable individual-speciﬁc effect, not caused by
independent variables.
Hsiao (2014) mention to three types of variables: individual time-invariant, period individualinvariant, and individual time-varying. The individual time-invariant variables are variables that
are the same for a given cross-sectional unit through time but that vary across crosssectional
units .The period individual-invariant variables are variables that are the same for all crosssectional units at a given point in time but that vary through time. The individual time-varying
variables are variables that vary across cross-sectional units at a given point in time and also
exhibit variations through time. As we suppose there is no time variant in parameters, only
individual time invariant present in the thesis model.
In some texts individual-specific effect known as heterogeneity. (Because of the collinearity
between subject-specific variables and time-invariant omitted variables, we may interpret the
subject-specific quantities 𝜶𝒊 as proxies for omitted variables)(Frees, 2004). Therefore the
unobserved time-constant variable may be the key to get heterogeneity between individuals, it
reflect differences in behavior across individuals . As we will see later ,in climate change model
these individual time invariant differences refer to geographic position or geologic nature for
each individual .We may also interpret heterogeneity to mean that observations from the same
subject tend to be similar compared to observations from different subjects.
2.5 The Gauss Marko Assumptions For Linear Panel Data
Panel data provide information on individual behavior both across time and across
individuals, so explanatory variables may change over time, or individuals, or both. (𝐱 𝐢𝐭 can
contain observable variables that change across 𝑡 but not 𝑖, variables that change across 𝑖 but
not 𝑡, and variables that change across 𝑖 and 𝑡). ( Wooldridge, 2002). Accordingly, panel
analysis can deal with all possible combinations of independent variable. Variables that change
over time but common for all individuals will play a big role in this thesis, as we will see global
carbon dioxide emission and sun activity are identical variables for all places on earth.
We will assume throughout this thesis each individual 𝑖 is observed in all time periods 𝑡. This is
a so-called balanced panel. And we assume that observations are taken equally spaced in time,
such as quarterly or annually. Under certain assumptions, we can obtain consistent estimators in
the presence of omitted variables. In linear regression model, the Gauss–Markov assumptions are
usually standard. Getting this assumptions would make the OLS estimation consistent
estimation, so the general form can be written as in (2.12)
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𝒚𝒊𝒕 = 𝑿𝒊𝒕 𝜷 + 𝒖𝒊𝒕

(2.12)

The standard set of Gauss–Markov assumptions is given by (Verbeek, 2017)
A.1 𝐸(𝑢𝑖 ) = 0 , 𝑖 = 1,2, … . , 𝑁
A.2 {𝑢1 , 𝑢2 , … , 𝑢𝑁 } 𝑎𝑛𝑑 {𝑥1 , 𝑥2 , … , 𝑥𝑁 } are independent.
A.3 𝑉(𝑢𝑖 ) = 𝜎𝑢2
A.4 Cov(𝑢𝑖 , 𝑢𝑗 ) = 0 𝑖, 𝑗 = 1,2, … . , 𝑁, 𝑖 ≠ 𝑗
Assumption (A.1) says that the expected value of the error term is zero, which means
that, on average, the regression line should be correct. Assumption (A3) states that all error terms
have the same variance, which is referred to as homoskedasticity, while assumption (A.4)
imposes zero correlation between different error terms. This excludes any form of
autocorrelation. Taken together, (A.1), (A.3) and (A.4) imply that the error terms are
uncorrelated drawings from a distribution with expectation zero and constant variance 𝜎𝑢2 . Using
the matrix notation, it is possible to rewrite these three conditions as
E(𝒖) = 𝟎 , 𝑽(𝒖) = 𝝈𝟐 𝑰𝑵

(2.13)

where 𝐈𝑁 is the 𝑁 × 𝑁 identity matrix. Equ.(2.13) says that the covariance matrix of the
vector of error terms 𝜀 is a diagonal matrix with 𝜎 2 on the diagonal. Assumption (A.2)
implies that X and ε are independent. This is a fairly strong assumption, which can be
relaxed somewhat (see below). It implies that
E(𝐮|𝐱) = 𝐸(𝐮) = 0
And
V(𝐮|𝐱) = 𝑉(𝐮) = 𝜎 2 𝐈𝑁
That is, the matrix of regressor values 𝒙 does not provide any information about the
expected values of the error terms or their (co)variances. The last two conditions combine the
necessary elements from the Gauss–Markov assumptions needed for consistent estimation.
Often, assumption (A.2) is stated as: the regressor matrix 𝑿 is a deterministic nonstochastic
matrix. The reason for this is that the outcomes in the matrix 𝑿 can be taken as given without
affecting the properties of 𝒖 , that is, one can derive all properties conditional upon 𝑿. These
assumptions are known in cross sectional analysis. The same assumption are obliged in panel
data but with more complex dealing, here we have to deal with more one cross section
(individual) with time dimension for each one. These assumptions can be summarized as
follows:
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The first, linearity, The linear panel data model is a static model because all explanatory
variables are dated contemporaenously with the dependent variable. The linearity assumption
can written in the following equation
𝒚𝒊𝒕 = 𝜶𝒊 + 𝜷𝟏 𝒙𝒊𝒕,𝟏 + 𝜷𝟐 𝒙𝒊𝒕,𝟐 … … . +𝜷𝒌 𝒙𝒊𝒕,𝒌 + 𝒖𝒊𝒕 (2.14)
or
𝑬(𝒚𝒊𝒕 ) = 𝜶𝒊 + 𝜷𝟏 𝒙𝒊𝒕,𝟏 + 𝜷𝟐 𝒙𝒊𝒕,𝟐 … … . +𝜷𝒌 𝒙𝒊𝒕,𝒌

(2.15)

Where E(𝐮𝑖𝑡 ) = 0
The model is linear in parameters 𝛼𝑖 , 𝛽1, 𝛽2 , … , 𝛽𝑘 𝑎𝑛𝑑 𝑢𝑖𝑡
The “observables representation” is based on the idea of conditional linear expectations ,one can
motivate assumption (2.14) by thinking of (𝑥𝑖𝑡,1 , 𝑥𝑖𝑡,2 , … … . , 𝑥𝑖𝑡,𝑘 ) as a draw from a population,
where the mean of the conditional distribution of 𝑦𝑖𝑡 given (𝑥𝑖𝑡,1 , 𝑥𝑖𝑡,2 , … … . , 𝑥𝑖𝑡,𝑘 ) is linear in the
explanatory variables. Inference about the distribution of y is conditional on the observed
explanatory variables, so that we may treat (𝑥𝑖𝑡,1 , 𝑥𝑖𝑡,2 , … … . , 𝑥𝑖𝑡,𝑘 ) as nonstochastic variables.
The second, the assumption of homoscedasticity (literally, same variance) is basic assumption
to linear regression models. Homoscedasticity describes a situation in which the error term (that
is, the “noise” or random disturbance in the relationship between the independent variables and
the dependent variable) is the same across all values of the independent variables. This error
term is random independent variable and identically distributed. Heteroscedasticity (the violation
of homoscedasticity) is present when the size of the error term differs across values of an
independent variable.
𝑉𝑎𝑟(𝑢𝑖𝑡 |𝑥𝑖𝑡 , 𝛼𝑖 ) = 𝜎𝑢2 , 𝜎𝑢2 > 0

(2.16)

In matrix form, homoscedasticity written as
𝑉𝑎𝑟 (𝐮𝑖𝑡 |𝐱 𝑖𝑡 , 𝛂𝑖 ) = 𝜎𝑢2 𝐈

(2.17)

This assumption can be written as
𝐮𝑖𝑡 ~𝑖𝑖𝑑(0, 𝜎𝐮2 ).
The third, zero conditional mean assumption - states that the disturbances average out to zero for
any value of 𝐱. Put differently, no observations of the independent variables convey any
information about the expected value of the disturbance.
𝐸(𝑒𝑖 |𝑋) = 0
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(𝑒1|𝑋)
𝐸(𝑒1 )
0
𝐸(𝑒2 )
(𝑒2|𝑋)
0
𝐸(
)=(
)=( )
⋮
⋮
⋮
(𝑒𝑁 |𝑋)
𝐸(𝑒𝑁 )
0

(2.18)

This is important since it essentially says that we get the mean function right.
The fourth, strict exogeneity, in panel data we can make exogeneity assumptions to assume that
𝑢𝑡 and 𝑥𝑡 are orthogonal in the conditional mean sense
𝐸(𝐮𝑡 |𝐱 𝑡 ) = 𝑜 , 𝑡 = 1,2, … … , 𝑇

(2.19)

We call this contemporaneous exogeneity of 𝐱 𝑡 because it only restricts the relationship between
the disturbance and explanatory variables in the same time period ,so assumption (2.19) gives no
restrictions on the relation between 𝐮𝑡 𝑎𝑛𝑑 𝐮𝑠 (𝑡 ≠ 𝑠).
Throughout this thesis we make the assumption of strong exogeneity or strict exogeneity , this is
stronger assumption , the strict exogeneity assumption for the independent variables can be
written as
𝐸[𝐮𝑖𝑡 |𝐱 𝑖1 , 𝐱 𝑖2 , … … … , 𝐱 𝑖𝑇 ] = 𝑜

(2.20)

That is for any individuals, the current disturbance (error) is uncorrelated with the independent
variables in every period, past, present, and future, and it is one of the axiom hypotheses .When
assumption (2.20) achieved, explanatory variables 𝐱1 , 𝐱 2 , … … … , 𝐱 𝑇 are called strictly
exogenous . For more clear, we can rewrite (2.20) as
Cov[uit , uis |xi , αi ] =0 ∀ s ≠ t

(2.21)

Equ.(2.21) can read as no serial correlation .
Any 𝐱 𝑖𝑡 variable which depends upon the history of 𝐲𝑖𝑡 would also violate the condition. To
indicate preference of (2.20) let 𝑥𝑡 ≡ (1, 𝑦𝑡−1 ) then assumption (2.19) holds if
𝐸(𝑦𝑡 |𝑦𝑡−1 , 𝑦𝑡−2 , … . . , 𝑦0 ) = 𝛽0 + 𝛽1 𝑦𝑡−1 which contains first order dynamics. Assumption
(2.19) will fail in this case, cause 𝑥𝑡+1 ≡ (1, 𝑦𝑡 ) , therefore 𝐸(𝑢𝑡 |𝑥1 , 𝑥2 , … . . , 𝑥𝑇 ) =
𝐸(𝑢𝑡 |𝑦0 , 𝑦1 , … . . , 𝑦𝑇−1) = 𝑢𝑡 for t=1,2,……,T-1 (because 𝑢𝑡 = 𝑦𝑡 − 𝛽0 − 𝛽1 𝑦𝑡−1 ).
(Assuming that the 𝑥𝑖𝑡 are ﬁxed in repeated samples is effectively the same as making
assumption (2.19)). ( Wooldridge, 2002).
Consistently estimating 𝛃 depend on maintain assumption (2.19) or (2.20).
In most cases, practical data may violate the last theoretical assumptions , and we will deal with
this violations .
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𝑿 is a 𝑛 × 𝑘 matrix of full rank, this assumption states that there is no perfect multicollinearity.
In other words, the columns of 𝐱 are linearly independent. This assumption is known as the
identification condition.
In mathematical view, If our matrix is an m×n matrix with m<n, then it has full rank when
its m rows are linearly independent. If m>n, the matrix has full rank when its n columns are
linearly independent. If m=n, the matrix has full rank either when its rows or its columns are
linearly independent (when the rows are linearly independent, so are its columns in this case).
(Searle, 2006).
As mentioned earlier, panel data analysis have an attribute when dealing omitted data. These
omitted variables may be mismeasured or unobserved and may have a significant effect on our
mode. However, we live in an non-experimental world or our experiments are imperfect and
don’t have full randomization. There exist other variables which belong in the equation.
Correlation between explanatory variables with omitted variable, which make individual specific
effect. These omitted variables may or may not have virtual correlation with included variables
in our model. Assumption about this relation introduce two well-known models

Fixed effect model
𝐸[𝛼𝑖 |𝑋𝑖1 , 𝑋𝑖2 , … … … , 𝑋𝑖𝑇 ] ≠ 𝑜

(2.22)

𝐸[𝛼𝑖 |𝑋𝑖1 , 𝑋𝑖2 , … … … , 𝑋𝑖𝑇 ] = 𝑜

(2.23)

Random effect model

(There are two distinct approaches for modeling the quantities that represent the specific
heterogeneity among subjects, one approach, where 𝛼𝑖 are treated as fixed, yet unknown,
parameters to be estimated. In this case, equation (2.11) is known as a fixed effects model. The
second approach, where 𝛼𝑖 are treated as draws from an unknown population and thus are
random variables this is known as a random effects formulation).(Frees, 2004).
Although there is a lot of disagreement over the interpretation of ﬁxed and random effects, all
competent books deemed 𝛼𝑖 as a random variable in both models (fixed or random).
(the crucial distinction between ﬁxed and random effects is whether the unobserved individual
effect embodies elements that are correlated with the regressors in the model, not whether these
effects are stochastic or not).(Greene, 2012). (It should be clear that 𝛼𝑖 is a random variable in
both ﬁxed and random effects models) (Cameron &Trivedi, 2005), and we will see later fixed
and random effects yield different model interpretations and different estimators. Remember we
need to estimate 𝑁 + 𝐾 parameters in both cases (fixed or random), 𝛼 (for each individual) +𝛽
(for each explanatory variable).
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2.6 Pooled Model
Pooled data occur when we have a “time series of cross sections,” but the observations in each
cross section do not necessarily refer to the same unit. Estimating this kind of model and some of
its variants , solves many problems of traditional methods of the comparative research (time
series analysis and cross-sectional analysis). Several reasons support this. The first reason
concerns the “small 𝑁” problem suffered by both time series and cross-sectional analysis. The
limited number of spatial units and the limited number of available data over time led data sets of
these two techniques to violate basic assumption of standard statistical analysis. Most
specifically, the small sample of conventional comparisons shows an imbalance between too
many explanatory variables and too few cases. Consequently, within the contest of the small
sample the total number of the potential explanatory variables exceeds the degree of freedom
required to model the relationship between the dependent and independent variables. In contrast,
thanks to pooled. This is because, (within the pooled research, the cases are “country-year” (𝑁𝑇
observations) starting from the country 𝑖 in year t, then country i in year 𝑡 + 1 through country 𝑧
in the last year of the period under investigation This allow us to test the impact of a large
number of predictors of the level and change in the dependent variable within the framework of a
multivariate analysis) (Pesaran & Schmidt, 1997). Second, pooled models have gained
popularity because they permit to inquiry into “variables” that elude study in simple crosssectional or time series. This is because their variability is negligible, or not existent, across
either time or space. In practice, many characteristics of national systems (or institutions) tend to
be temporally invariant. Therefore, regression analysis of pooled data combining space and time
may rely upon higher variability of data in respect to a simple time series or cross-section design
research. A third reason to support pooled analysis concerns the possibility to capture not only
the variation of what emerges through time or space, but the variation of these two dimensions
simultaneously. (This is because, instead of testing a cross-section model for all countries at one
point in time or testing a time series model for one country using time series data, a pooled
model is tested for all countries through time) (Pennings, et al. 2010).
Consider a simple pooled model
𝒀𝒊𝒕 = 𝑿𝒊𝒕 𝜷 + 𝜶 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

This model assumes:
_ All the usual OLS assumptions are not violated
– 𝜷 is constant across all units 𝑖
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– That the effect of any given 𝐗 on 𝐘 is constant across observations
These last two items are crucial; they are at the heart of specification problems/omitted variable
bias. In panel models they are likely to be a problem because we have heterogeneity across units
and over time.
According to this definition, in pooled data we have, implicitly one cross sectional data with its
explanatory variables. And according to the above conditions, traditional OLS estimation method
will be sufficient and appropriate to estimate this model. In general, programs dealing with
analysis of panel data take into account this model as a useful and reliable model.
2.7 Fixed Effect Model
In the literature, model is known as the fixed effects regression model (FEM). The term “fixed
effects” is due to the fact that, although the intercept may differ across individuals, each
individual’s intercept does not vary over time; that is, it is time invariant (Gujarati, 2003). It
should be noted that the term “ﬁxed” as used here signiﬁes the correlation of omitted variable
and 𝑥𝑖𝑡 . (Greene, 2012), and it has nothing to do with fixed value, 𝛼𝑖 is a random variable.
Fixed effects regressions are very important because data often fall into categories such as
industries, states, families, etc. When you have data that fall into such categories, you will
normally want to control for characteristics of those categories that might affect the dependent
variable. Unfortunately, you can never be certain that you have all the relevant control variables,
so if you estimate with OLS, you will have to worry about unobservable factors that are
correlated with the variables that you included in the regression. Omitted variable bias would
result. If you believe that these unobservable factors are time-invariant, then fixed effects
regression will eliminate omitted variable bias.
In some cases, you might believe that your set of control variables is sufficiently rich that any
unobservables are part of the regression noise, and therefore omitted variable bias is nonexistent.
But you can never be certain about unobservables because, well, they are unobservable! So fixed
effects models are a nice precaution even if you think you might not have a problem with
omitted variable bias.
𝒀𝒊𝒕 = 𝑿𝒊𝒕 𝜷 + 𝜶𝒊 + 𝒖𝒊𝒕

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.24)

2.8 Fixed Effect Hypothesis Testing (Yafee, 2003)
We may wish to test the effects of the fixed effects model. We use the pooled regression model
as the baseline for our comparison. We first test the individual (group) effects. We can perform
this significance test with an F test resembling the structure of the F test for 𝑅 2 change between
the fixed effects model (FEM) and the pooled
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𝐻0 : 𝛼1 = 𝛼2 = ⋯ , 𝛼𝑁
All intercepts are the same (there is no individual effect)
𝐻1 :at least one intercept is differ

𝐹𝑔𝑟𝑜𝑢𝑝 𝑒𝑓𝑓𝑒𝑐𝑡 =

2
2
(𝑅𝑓𝑒𝑚
−𝑅𝑝𝑜𝑜𝑙𝑒𝑑
)/(𝑁−1)

(2.25)

2
(1−𝑅𝑓𝑒𝑚
)/(𝑁𝑇−𝑁−𝐾)

Here T= total number of temporal observations. N=the number of groups, and K=number of
2
regressors in the model. 𝑅𝑝𝑜𝑜𝑙𝑒𝑑
come from pooled model, the most restricted model where slopes

and intercepts are constant over time and individuals as in Equ.(2.8). If we find significant
improvements in the 𝑅 2 then, we have statistically significant individual effect. Under 𝐻0 , the
model becomes the pooled regression. That is we are testing for the presence of an unobserved
effect. Our decision about which hypothesis is accepted depend on comparing (2.25) value with
𝐹𝑁−1,𝑁𝑇−𝑁−𝐾

In fixed effect model we have two terms are unobserved, let put them between two parentheses,
then equ. (2.24) written as
𝑌𝑖𝑡 = 𝑋𝑖𝑡 𝛽 + (𝛼𝑖 + 𝑢𝑖𝑡 )

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.26)

Our problem is that we do not observe αi , which is constant over time for each individual
(hence no t subscript) but varies across individuals. If we estimate the model using OLS then αi
will go into the error term.
𝑣𝑖𝑡 = 𝛼𝑖 + 𝑢𝑖𝑡
The basic idea if αi is correlated with xit , then putting αi in the error term can cause serious
problems. This, of course, is an omitted variables problem, so we can use some of familiar
results to understand the nature of the problem.
̂ 𝑂𝐿𝑆 = 𝜷 +
𝑝𝑙𝑖𝑚 𝜷

𝑐𝑜𝑣(𝑥𝑖𝑡 ,𝛼𝑖 )
𝜎𝑥2

𝐼

(2.27)

(Söderbom, 2011)

which shows that the OLS estimator is inconsistent unless 𝑐𝑜𝑣(𝑥𝑖𝑡 , 𝛼𝑖 ) = 0 . If 𝑥𝑖𝑡 is
positively correlated with the unobserved effect, then there is an upward bias. If the correlation is
negative, we get a negative bias.
Two assumptions about unobserved term in fixed effect model,
_ 𝛼𝑖 freely correlated with 𝑥𝑖𝑡
_ 𝐸(𝑥𝑖𝑡 𝑢𝑖𝑠 ) = 0 𝑓𝑜𝑟 𝑠 = 1,2, … . , 𝑇 (strict exogeneity).
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But if 𝛼𝑖 correlated with 𝑥𝑖𝑡 then we get endogeneity problem which would bias the OLS
estimator. There are more than one method to address this problem. However, in the next chapter
we will search and study appropriate estimation methods, through which to take advantage of all
panel data possibilities.
2.9 Random Effect Model
It is commonly assumed in regression analysis that all factors that affect the dependent variable,
but that have not been included as regressors, can be appropriately summarized by a random
error term. In our case, this leads to the assumption that the αi are random factors, independently
distributed over individuals. Thus we write random effect model as
𝑌𝑖𝑡 = 𝑋𝑖𝑡 𝛽 + (𝛼𝑖 + 𝑢𝑖𝑡 )

𝑖 = 1,2, … … . . , 𝑁 𝑡 = 1,2, … … . . , 𝑇

(2.28)

𝛼𝑖 ~𝑖𝑖𝑑(0, 𝜎𝛼2 ) 𝑎𝑛𝑑 𝑢𝑖 ~𝑖𝑖𝑑(0, 𝜎𝑢2 )
Where 𝛼𝑖 + 𝑢𝑖𝑡 is treated as an error term consisting of two components: an individual specific
component, which does not vary over time, and a reminder component, which is assumed to be
uncorrelated over time. The presence of 𝛼𝑖 produces a correlation among residuals of the same
cross sectional unit, though the residuals from different cross-sectional units are independent.
That is, all correlation of the error terms over time is attributed to the individual effect 𝛼𝑖
Two assumptions about unobserved term in random effect model,
_ 𝛼𝑖 uncorrelated with 𝑿𝒊𝒕 ≡ 𝐸[𝛼𝑖 |𝑋𝑖1 , 𝑋𝑖2, … … … , 𝑋𝑖𝑇 ] = 𝑜
_ (strict exogeneity).
𝐸(𝛼𝑖 |𝑋𝑖𝑡 ) = 𝐸(𝑢𝑖𝑡 |𝑋𝑖𝑡 ) = 0
𝐸(𝑢𝑖𝑡 |𝑋𝑖𝑡 ) = 0
E(𝛼𝑖2 |𝑋𝑖𝑡 ) = 𝜎𝛼2
2
E(𝑢𝑖𝑡
|𝑋𝑖𝑡 ) = 𝜎𝑢2

𝐸(𝑢𝑖𝑡 𝛼𝑗 |𝑋𝑖𝑡 ) = 0

𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖, 𝑡 𝑎𝑛𝑑 𝑗

𝐸(𝑢𝑖𝑡 𝑢𝑗𝑠 |𝑋𝑖𝑡 ) = 0

𝑖𝑓 𝑖 ≠ 𝑗 𝑜𝑟 𝑡 ≠ 𝑠

𝐸(𝑢𝑖 𝑢𝑗 |𝑋𝑖𝑡 ) = 0

𝑖≠𝑗

It is assumed that 𝛼𝑖 and 𝑢𝑖𝑡 are mutually independent and independent of (𝑋𝑗𝑠 for all 𝑗 and 𝑠).
This implies that the OLS estimator for β is unbiased and consistent. The error components
structure implies that the composite error term 𝛼𝑖 + 𝑢𝑖𝑡 bexhibits a particular form of
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autocorrelation (unless 𝜎𝛼2 = 0). (Under this autocorrelation OLS still unbiased but with wrong
standard error)( Brooks, 2014).
(Consequently, routinely computed standard errors for the OLS estimator are incorrect and a
more efﬁcient (GLS) estimator can be obtained by exploiting the structure of the error
covariance matrix) (Verbeek, 2004). The reason that the GLS estimator is more precise than the
OLS estimator is because the OLS estimator wastes information. That is, the OLS estimator
does not use the information contained in the variance-covariance matrix of the error term about
heteroscedasticity and/or autocorrelation, while the GLS estimator does.
So we cannot rely on OLS estimation, and we have to find more advanced methods.
Finally, we would like to mention that the two models (2.24)(fixed effect model) and (2.28)
(random effect model) are the two main models in this thesis. So in the next chapter we will try
to find the best estimation methods, where we can tap the potential of panel data.
2.10 Summary
In this chapter we presented a review of the benefits of panel data and we also explained the
superiority of the panel analysis as compared to time series or cross sectional analysis.
We discussed linear panel data models with individual specific effect , general linear model with
some restrictions to make its parameters estimable . Model with constant slopes and variable
intercepts had particular importance, clarify its advantages in solving the problem of the omitted
variables and heterogeneity among individuals. We also explained the most important
assumptions related to linear panel analysis. According to the relation between omitted variables
and explanatory variables we get fixed effect and random effect models as basic models in panel
data literature.
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CHAPTER THREE
LINEAR PANEL DATA ESTIMATION
3.1 Introduction
There is no doubt, that access to the best estimation methods is the means to get the best results and the
most accurate. And because the panel data is mating between time series and cross sectional data ,
conventional estimation methods will not be sufficient. In addition, data from the ground in many cases
do not correspond to assumptions about traditional methods.
Therefore, this chapter will be specific to the appropriate estimation methods for linear panel data
analysis. And because the least squares method is the most common method used in this area, it will be
the focus of the study in this chapter. Of course this study will be limited to the models mentioned in the
previews chapter , fixed effect model and random effect model. We will try to find effective solutions for
problems such as endogenity, heteroskedasticty and autocorrelation.

3.2 Model form of ordinary least squares estimation
Let X be an 𝑛 × 𝑘 matrix where we have observations on 𝑘 independent variables for n
observations. Since our model will usually contain a constant term, one of the columns in
the 𝑿 matrix will contain only ones. This column should be treated exactly the same as any other
column in the X matrix
Let 𝒀 be an 𝑛 × 1 vector of observations on the dependent variable.
Let 𝝐 be an 𝑛 × 1 vector of disturbances or errors.
Let 𝜷 be an (𝑘 + 1) × 1 vector of unknown population parameters that we want to estimate.
Our statistical model will essentially look something like the following:
𝑌1
1 𝑋11
𝑌2
1 𝑋12
⋮
⋮
= ⋮
⋮
⋮
⋮
(𝑌𝑁 )𝑁×1 (1 𝑋1𝑁

𝑋21
𝑋22
⋮
⋮
𝑋2𝑁

… 𝑋𝑘1
… 𝑋𝐾2
⋯
⋮
⋯
⋮
… 𝑋𝑘𝑁 )𝑁×(𝐾+1)

this can be rewritten more simply as:
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𝛽0
𝜖1
𝛽1
𝜖2
𝛽2
+ ⋮
⋮
⋮
⋮
𝜖
𝑁
(𝛽𝐾 )(𝐾+1)×1 ( )𝑁×1

𝒚 = 𝑿𝜷 + 𝝐

(3.1)

This is assumed to be an accurate reflection of the real world. The model has a systematic
component (𝑿𝜷) and a stochastic component (𝝐). Our goal is to obtain estimates of the
population parameters.
̂ . Recall that the criteria we use for
Our estimates of the population parameters are referred to as 𝜷
̂ that minimizes the sum of squared residuals (
obtaining our estimates is to find the estimator 𝜷
∑ 𝒆 𝟐𝒊 in scalar notation).
The vector of residuals 𝒆 is given by:
̂
𝒆 = 𝒚 − 𝑿𝜷

(3.2)

The sum of squared residuals (RSS) is 𝒆𝒆́

(𝑒1

𝑒2

⋯ ⋯

𝑒1
𝑒2
𝑒𝑛 )1×𝑛 ⋮
= [𝑒1 𝑒1 + ⋯ + 𝑒𝑛 𝑒𝑛 ]1×1
⋮
(𝑒𝑛 )𝑛×1

Using (3.2) we can write residuals as
̂ )̀( 𝒚 − 𝑿𝜷
̂)
𝒆́ 𝒆 = (𝒚 − 𝑿𝜷
̂−𝜷
̂̀ 𝑿̀𝒚 + 𝜷
̂̀ 𝑿̀𝑿𝜷
̂
= 𝒚̀ 𝒚 − 𝒚̀ 𝑿𝜷
̂̀ 𝑿̀𝒚 + 𝜷
̂̀ 𝑿̀𝑿𝜷
̂
𝒆́𝒆 = 𝒚̀ 𝒚 − 𝟐𝜷

(3.3)

where this development uses the fact that the transpose of a scalar is the scalar.
̂ = (𝒚̀ 𝑿𝜷
̂ )̀ = 𝜷
̂̀ 𝑿̀𝒚
𝒚̀ 𝑿𝜷
̂ that minimizes the sum of squared residuals, we need to take the derivative of
To find the 𝜷
̂ . This gives us the following equation:
Eq3.3 with respect to 𝜷
𝝏𝒆𝒆̀
̂
𝝏𝜷

̂=𝟎
= −𝟐𝑿̀𝒚 + 𝟐𝑿̀𝑿𝜷
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(3.4)

̂ again – this
To check this is a minimum, we would take the derivative of this with respect to 𝜷
gives us 2𝑿̀𝑿 . It is easy to see that, so long as 𝑿 has full rank, this is a positive definite matrix
(analogous to a positive real number) and hence a minimum.(Rao, et al., 2005).
Equation (3.4) can rewritten as
̀ 𝑿)𝜷
̂
𝑿̀𝒚 = (𝑿

(3.5)

̀ 𝑿) matrix. First, it is always square since it is 𝑘 × 𝑘. Second, it
Two things to note about the(𝑿
is always symmetric.
̀ 𝑿) and 𝑿̀𝒚 are known from our data but β̂ is unknown. If the inverse of (X
̀ X)
Recall that (𝑿
̀ 𝑿)−𝟏 , then pre-multiplying both sides by this inverse gives us the following equation
exists (𝑿
̀ 𝑿)−𝟏 (𝑿
̀ 𝑿)𝜷
̀ 𝑿)−𝟏 𝑿̀𝒚
̂ = (𝑿
(𝑿
̀ 𝑿)−𝟏 (𝑿
̀ 𝑿) = 𝑰 , where I in this case is a k × k identity matrix.
We know that by definition, (𝑿
̀ 𝑿)−𝟏 𝑿̀𝒚
̂ = (𝑿
𝑰𝜷
̀ 𝑿)−𝟏 𝑿̀𝒚
̂ = (𝑿
𝜷

(3.6)

Note that we have not had to make any assumptions to get this. Since the OLS estimators in the
̂ vector are a linear combination of existing random variables (𝑿 and 𝒚), they themselves are
𝜷
random variables with certain straightforward properties.
̀ 𝑿) may not exist. If this is the case, then this matrix is called non-invertible or
The inverse of (𝑿
singular and is said to be of less than full rank. There are two possible reasons why this matrix
might be non-invertible. One, based on a trivial theorem about rank, is that n < k. We have
more independent variables than observations. This is unlikely to be a problem for us in practice.
The other is that one or more of the independent variables are a linear combination of the other
variables (perfect multicollinearity).
3.3 Properties of the OLS estimators
The primary property of OLS estimators is that they satisfy the criteria of minimizing the sum of
squared residuals. However, there are other properties. These properties do not depend on any
assumptions - they will always be true so long as we compute them in the manner just shown.
Recall the normal form equations from earlier in (3.5)
̀ 𝑿)𝜷
̂
𝑿̀𝒚 = (𝑿
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̂ + 𝒆
̂ = 𝑿𝜷
Now substitute in (3.1) 𝒚
̀ 𝑿)𝜷
̂ + 𝒆) = (𝑿
̂
𝑿̀(𝑿𝜷
̀ 𝑿)𝜷
̂ + 𝑿̀𝒆 = (𝑿
̂
(𝑿̀𝑿)𝜷
Then,
𝑥11
𝑥21
𝑿̀𝒆 = ( ⋮
𝑥𝑘1

𝑥12
𝑥22
⋮
𝑥𝑘2

𝑥13
𝑥23
⋮
𝑥𝑘3

⋯ 𝑥1𝑁
𝑒1
⋯ 𝑥2𝑁
𝑒2
⋯
⋮ )( ⋮ ) = 0
⋯ 𝑥𝑘𝑁
𝑒𝑁

𝑥11 × 𝑒1 + 𝑥12 × 𝑒2 + ⋯ + 𝑥1𝑁 × 𝑒𝑁
0
𝑥
×
𝑒
+
𝑥
×
𝑒
+
⋯
+
𝑥
×
𝑒
0
1
22
2
2𝑁
𝑁
̀ 𝑿𝒆 = ( 21
)=( )
⋮
⋮
𝑥𝑘1 × 𝑒1 + 𝑥𝑘2 × 𝑒2 + ⋯ + 𝑥𝑘𝑁 × 𝑒𝑁
0

(3.7)

From 𝑿 ̀𝒆 = 𝟎, we can derive a number of properties :
1. The observed values of 𝑿 are uncorrelated with the residuals.
𝑿̀𝒆 = 𝟎 implies that for every column xk of X, x̀ k e should be zero. In other words, each
regressor has zero sample correlation with the residuals. Note that this does not mean that X is
uncorrelated with the disturbances, we’ll have to assume this.
If our regression includes a constant, then the following properties also hold.

2. The sum of the residuals is zero.
If there is a constant, then the first column in X(X1 ) will be a column of ones. This means that
for the first element in the 𝑿̀𝒆 vector (x11 × e1 + x12 × e2 + ⋯ + x1N × eN ) to be zero, it must
be the case that ∑ ei = 0
3. The sample mean of the residuals is zero.
This follows straightforwardly from the previous property
𝒆=

∑ 𝒆𝒊
𝑵

=𝟎

(3.8)

̅ and y̅ ).
4. The regression hyperplane passes through the means of the observed values X
This follows from the fact that e̅ = y̅ − x̅β̂ = 0. This implies that y̅ = x̅β̂. This shows that the
regression hyperplane goes through the point of means of the data.
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5. The predicted values of 𝒚 are uncorrelated with the residuals.The predicted values of 𝒚 are
̂ from this we have
equal to 𝑿𝜷
̂ )̀𝒆 = 𝜷
̂̀ 𝑿̀𝒆 = 𝟎
𝒚̀ 𝒆 = (𝑿𝜷

(3.9)

6. The mean of the predicted y’s for the sample will equal the mean of the observed y’s
𝐲̅̂ = 𝐲̅

(3.10)

These properties always hold true. You should be careful not to infer anything from the residuals
about the disturbances. For example, you cannot infer that the sum of the disturbances is zero or
that the mean of the disturbances is zero just because this is true of the residuals - this is true of
the residuals just because we decided to minimize the sum of squared residuals.
̂ except that it satisfies all of the properties discussed above.
Note that we know nothing about 𝜷
We need to make some assumptions about the true model in order to make any inferences
̂ (our estimator of the true parameters).
regarding 𝜷 (the true population parameters) from 𝜷
Recall that ̂
𝜷 comes from our sample, but we want to learn about the true parameters.
3.4 The Gauss-Markov theorem
The Gauss-Markov Theorem is essentially a claim about the ability of regression to assess the
relationship between a dependent variable and one or more independent variables. The GaussMarkov theorem, however, requires that for all 𝑿, 𝒚, the following conditions are met
1. There is a linear relationship between y and X
The conditional expectation of y is an unchanging linear function of known independent
variables. That is, 𝒚 is generated through the following process
𝒚 = 𝑿𝜷 + 𝝐
In the simple regression model, the dependent variable is assumed to be a function of one or
more independent variables plus an error introduced to account for all other factors.
2. There is no perfect multicollinearity
No exact linear relationship between independent variables and more observations than
independent variables The independent variables must be linearly independent of one another.
That is, no independent variable can be expressed as a non-zero linear combination of the
remaining independent variables. There also must be more observations than there are
independent variables in order to ensure that there are enough degrees of freedom for the model
to be identified. In math literature X is an n × k matrix of full rank. (If our matrix is an
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𝑚 × 𝑛 matrix with 𝑚 < 𝑛, then it has full rank when its 𝑚 rows are linearly independent. If
𝑚 > 𝑛, the matrix has full rank when its n columns are linearly independent. If 𝑚 = 𝑛, the
matrix has full rank either when its rows or its columns are linearly independent (when the rows
are linearly independent, so are its columns in this case).) (Searle, 2006). This assumption states
that there is no perfect multicollinearity. In other words, the columns of 𝑿 are linearly
independent.
3.The error term has zero mean
This assumption - the zero conditional mean assumption - states that the disturbances average
out to 0 for any value of 𝑿. Put differently, no observations of the independent variables convey
any information about the expected value of the disturbance.
𝑬(𝝐𝒊 |𝑿)

(3.11)

(ϵ1|X)
E(ϵ1 )
0
E(ϵ2 )
(ϵ |X)
0
E( 2 ) = (
)=( )
⋮
⋮
⋮
(ϵN |X)
E(ϵN )
0
Here we are always careful about distinguishing between disturbances (ϵ) that refer to things
that cannot be observed and residuals (e) that can be observed. It is important to remember that
𝝐≠𝒆
4. The variance of the error term is a constant for all observations and in all time periods
The Gauss-Markov Theorem further assumes that the variance of the error term is a constant for
all observations and in all time periods. Formally, this assumption implies that the error is
homoskedastic. If the variance of the error term is not constant, then the error terms are
heteroskedastic. Finally, the Gauss-Markov Theorem assumes that the error term is noncorrelated. More specifically, it assumes that the values of the error term at different time
periods are independent of each other. So, the error terms for all observations, or among
observations at different time periods, are not correlated with each other.
𝑬(𝝐𝝐̀ |𝑿) = 𝜎 2 𝑰

(3.12)

This captures the familiar assumption of homoskedasticity and no autocorrelation. This shown
clearly using matrix form as follow
(ϵ1 |X)
(ϵ2 |X)
E(ϵϵ̀ |X) = E (
) E((ϵ1 |X) (ϵ2|X)
⋮
(ϵN |X)
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… (ϵN |X))

Which is the same as
E(ϵ12 |X)
|X)
E(ϵϵ̀ |X) = E(ϵ2 ϵ1
⋮
E(ϵ
( N ϵ1|X)

E(ϵ1 ϵ2|X) ⋯
E(ϵ22 |X)
⋯
⋮
⋮
E(ϵN ϵ2|X) ⋯

E(ϵ1 ϵN |X)
E(ϵ2 ϵN |X)
⋮
E(ϵ2N |X) )

The assumption of homoskedasticity states that the variance of e is the same (σ2 ) for all i.
Var(ϵi |X) = σ2 ∀ i

(3.13)

The assumption of no autocorrelation (uncorrelated errors) means that
Cov(ϵi , ϵj |X) = 0 ∀ i ≠ j

(3.14)

knowing something about the disturbance term for one observation tells us nothing about the
disturbance term for any other observation. With these assumptions, we have
σ2
E(ϵϵ̀ |X) = ( 0
⋮
0

0
σ2
⋮
0

…
⋯
⋱
⋯

1 0
0
0 ) = σ2 (0 1
⋮ ⋮
⋮
2
0 0
σ

… 0
⋯ 0
) = σ2 I (3.15)
⋱ ⋮
⋯ 1

Disturbances that meet the two assumptions of homoskedasticity and no autocorrelation are
referred to as spherical disturbances. We can compactly write the Gauss-Markov assumptions
about the disturbances as:
𝜴 = 𝜎2𝑰
where Ω is the variance-covariance matrix of the disturbances 𝜴 = 𝑬(𝝐𝝐̀ )
5. 𝑿 may be fixed or random, but must be generated by a mechanism that is unrelated to 𝒆.
6. Normality of disturbances
(𝝐|𝑿)~𝑵(𝟎, 𝝈𝟐 𝑰)

(3.16)

This assumption is not actually required for the Gauss-Markov Theorem. However, we often
assume it to make hypothesis testing easier. The Central Limit Theorem is typically evoked to
justify this assumption.
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he Gauss-Markov theorem states that, conditional on assumptions 1-5, there will be no other
linear and unbiased estimator of the β coefficients that has a smaller sampling variance. In other
words, the OLS estimator is the Best Linear, Unbiased and Efficient estimator (BLUE).
̀ 𝑿)−𝟏 we get
From (3.1) we have 𝒚 = 𝑿𝜷 + 𝝐, multiplying Eq.3.5 by (𝑿
̀ 𝑿)−𝟏 𝑿̀𝒚 = 𝜷
̂
(𝑿

(3.17)

Substituting from (3.1) in (3.15)
̀ 𝑿)−𝟏 𝑿̀(𝑿𝜷 + 𝝐) = 𝜷
̂
(𝑿
̀ 𝑿)−𝟏 𝑿̀𝑿𝜷 + (𝑿
̀ 𝑿)−𝟏 𝑿̀𝝐 = 𝜷
̂
(𝑿
̀ 𝑿)−𝟏 𝑿̀𝑿 = 𝟏,
Since (𝑿
̀ 𝑿)−𝟏 𝑿̀𝝐
̂ = 𝜷 + (𝑿
𝜷

(3.18)

̀ 𝑿)−𝟏 𝑿̀))
̂ ) = 𝑬((𝜷) + 𝑬((𝑿
We can write 𝑬(𝜷
Here we have two situations :
- X is fixed (non-stochastic) so that we get:
̀ 𝑿)−𝟏 𝑿̀𝑬(𝝐) = 𝜷
̂ ) = 𝜷 + (𝑿
𝑬(𝜷

(3.19)

where E(ϵ) = 0
- X is stochastic then we get
̀ 𝑿)−𝟏 𝑬 (𝑿̀(𝝐)) = 𝜷
̂ ) = 𝜷 + (𝑿
𝑬(𝜷

(3.20)

where 𝑬(𝑿̀𝝐) = 𝟎
This shows immediately that OLS is unbiased so long as either 𝑿 is fixed (non-stochastic) or
stochastic but independent of 𝝐 .
̀ 𝑿)−𝟏 𝑿̀t , from(3.18)
̂ is a linear estimator of 𝜷. Let 𝑨 = (𝑿
Also we can prove that 𝜷
̂ = 𝜷 + 𝑨𝝐
𝜷
̂ is a linear function of the disturbances. By the definition that we use, this
we can see that 𝜷
makes it a unbiased linear estimator (Greene , 2003).
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3.5 The variance-covariance matrix of the OLS estimates
The variance-covariance matrix of the OLS estimator, β̂
̂ − 𝜷)(𝜷
̂ − 𝜷)̀] = 𝑬 [((𝑿̀𝑿)−𝟏 𝑿̀𝝐)((𝑿̀𝑿)−𝟏 𝑿̀𝝐)̀]
𝑬[(𝜷
−𝟏
−𝟏
= 𝑬 [(𝑿̀𝑿) 𝑿̀𝝐𝝐̀ 𝑿(𝑿̀𝑿) ]

Here we use (𝑨𝑩)̀ = 𝑩̀𝑨̀
If we assume that 𝑿 is non-stochastic, we have
̂ − 𝜷)(𝜷
̂ − 𝜷)̀] = (𝑿̀𝑿)−𝟏 𝑬(𝝐𝝐̀ )𝑿(𝑿̀𝑿)−𝟏
𝑬[(𝜷

(3.21)

From (3.15) we , we have E(ϵϵ̀ |X) = σ2 I
̂ − 𝜷)(𝜷
̂ − 𝜷)̀] = 𝝈𝟐 𝑰(𝑿̀𝑿)−𝟏 𝑿̀𝑿(𝑿̀𝑿)−𝟏
E[(𝜷
−1
= σ2 (𝑿̀𝑿)

(3.22)

the variance-covariance matrix of the OLS estimator look like

̂ − 𝛃)(𝛃
̂ − 𝛃)̀] =
E[(𝛃
(

var(β̂0 )
cov(β̂0 , β̂1 ) … cov(β̂0 , β̂k )
cov(β̂1 , β̂0 )
var(β̂1 )
… cov(β̂1 , β̂k )
⋮
⋮
⋮
⋮
̂
̂
̂
̂
cov(βk , β0 ) cov(βk , β1 ) …
var(β̂k )

)

As we see, the standard errors of the β̂ are given by the square root of the elements along the
main diagonal of this matrix. If we prove the minimum variance of OLS estimator, then it will
the best linear unbiased estimator
Take an alternative estimator b
̀ 𝐗)−𝟏 𝐗 +
̀ 𝐜]𝐲
𝐛 = [(𝐗
̀ 𝐗)−𝟏 𝐗 +
̀ 𝐜](𝐗𝛃 + 𝛜)
𝐛 = [(𝐗
̀ 𝐗)−𝟏 𝐗̀𝛜 + 𝐜𝛜]
̂ = 𝐄[(𝐗
𝐛−𝛃
Now it need to be shown that
̂)
cov(𝐛) > cov(𝛃
̂ )(𝐛 − 𝛃
̂ )̀]
cov(𝐛) = E[(𝐛 − 𝛃
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̀ 𝑿)−𝟏 𝑿̀𝝐 + 𝒄𝝐)][(𝑿
̀ 𝑿)−𝟏 𝑿̀𝝐 + 𝒄𝝐)̀]
= E[(𝑿
−1
= σ2 (𝑿̀𝑿) + σ2 c 2 (Bhattarai, 2010)

Which prove the minimum variance for OLS slope estimator.
As is known in the field of applied statistics, data from the ground often do not apply to the
assumptions of traditional estimation methods. So we need to deal with these problems. In this
thesis we will discuss the most important of these problems and how they can be overcome.
In panel data literature, there are two well-known problems, endogeneity problem and nonspherical data. We will address these problems in some detail.

3.6 Endogeneity (Wooldridge, 2013)
In general the problem of endogeneity . In other words, an empirical model for which
E(𝛜𝐢 |𝐗) ≠ o
Then our model will suffer from an endogeneity problem. Whenever there is endogenity, OLS
estimates of the β’s will no longer be unbiased.
The classic meaning of endogeneity referes to the simultaneity problem where the flow of
causality is not purely from the RHS variables to the LHS variable. In other words, if we think
that changes in the LHS variable may cause changes in a RHS variable or that the LHS variable
and a RHS variable are being jointly determined, then there is simultaneity and we would not
expect the error term to be uncorrelated with the RHS variables. There are at least three generally
recognized sources of endogenity.
3.6.1- Model misspecification or omitted variables
The problem of omitted variables, In this case, the endogeneity comes from an
uncontrolled confounding variable. A variable is correlated with both an independent variable in
the model, and with the error term. (Equivalently, the omitted variable both affects the
independent variable and separately affects the dependent variable) Suppose that in the true
linear model,
𝒚 = 𝑿𝜷 + 𝜸𝒁 + 𝝐
Then the correct estimated model take the form
̂ +𝜸
̂ = 𝑿𝜷
̂𝒁 + 𝝐̂
𝒚
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(3.23)

But (for some reason, perhaps because we don't have a measure for it) we simply do not have
data for 𝐙. when we run our regression. 𝐙 will get absorbed by the error term and we will
actually estimate,
̂ ∗ + 𝝐̂
̂ = 𝑿𝜷
𝒚
Z is mistakenly omitted from the model. How does β̂ (the regression estimate from the correctly
̂ ∗ (the regression estimate from the mis-specified model)? What is
specified model) compare to 𝜷
̂ ∗ )? Is it a biased or unbiased estimator of β̂? If biased, how is it biased?
E(𝜷
𝐸(𝛽̂∗ ) =

=

𝑐𝑜𝑣(𝑿, 𝒚) 𝑐𝑜𝑣(𝑿, 𝑿𝜷 + 𝛾𝒁 + 𝝐)
=
𝑣𝑎𝑟(𝑿)
𝑣𝑎𝑟(𝑿)

𝛃cov(𝐗, 𝐗) + γcov(𝐗, 𝐙) + cov(𝐗, 𝛜)
var(𝐗)

=

βvar(𝑿) + γcov(𝐗, 𝐙) + cov(𝑿, 𝝐)
var(X)
̂∗) = 𝛃 + γ
E(𝛃
=𝛃+γ

cov(𝑿, 𝒁) + 0
𝑰
var(𝐗)

σXZ
σ2X

I

(Williams, 2015)

̂ ∗ is a biased estimator of 𝜷. Further, this bias will not disappear as sample size gets
Hence, 𝛃
larger, so the omission of a variable from a model also leads to an inconsistent estimator. In
effect, 𝑿 gets credit (or blame) for the effects of the variables that have been omitted from the
model.
̂ ∗ will not be biased:
Note that there are two conditions under which 𝜷
The first, γ = 0 this means that the model is not misspecified, 𝐙 does not belong in the model
because it has no effect on 𝐲.
The second, σXZ = 0 That is, if the 𝐙 are uncorrelated, then omitting one does not result in
biased estimates of the effect of the other.
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3.6.2 Inclusion of extraneous variables.
Suppose that the correct model is
𝐲 = 𝐗𝛃 + 𝛜
But what If the researcher mistakenly believes
𝒚 = 𝑿𝜷 + 𝜸𝒁 + 𝝐

(3.24)

and therefore estimates
̂ ∗ + 𝛄𝐙̂ + 𝛜̂
𝐲̂ = 𝐗𝛃
𝐙 is mistakenly added to the model.
̂ (the regression estimate from the correctly specified model) compare to β̂∗ (the
How does 𝜷
̂ ∗ )? Is it a biased or unbiased
regression estimate from the misspecified model)? What is E(𝜷
̂ ? If biased, how is it biased? (Here is an informal proof: We can think of the
estimator of 𝜷
“correct” model as being a special case of the incorrect model, where 𝜸 = 0. It will therefore be
̂ ∗ ) = β, and E(𝒁
̂ ) = 0. Hence, addition of extraneous variables does not lead to
the case that E(𝜷
biased coefficients. However, adding extraneous variables to the model will result in inflated
standard errors and all the problems they create). (Williams, 2015)
3.6.3 Measurement error
Suppose that we do not get a perfect measure of one of our independent variables. Imagine that
̃ = 𝑿 + 𝑽 where 𝐕 is the measurement "noise". In this
instead of observing 𝑿 we observe 𝑿
case, our observed variables are measured with an additive error. Here we assume the
measurement error in the explanatory variable has mean zero, is uncorrelated with the true
dependent and independent variables and with the equation error.
̃ − 𝑽)𝜷 + 𝝐
𝒚 = (𝑿
̃ 𝜷 + (𝝐 − 𝑽𝜷)
𝒚 =𝑿
̃ 𝜷 + 𝝐̃
𝒚 =𝑿

(3.25)

The measurement error in 𝐗 becomes part of the error term in the regression equation thus
̃ and 𝛜̃ depend on 𝐕 they are positively correlated,
creating an endogeneity bias. Since both 𝐗
which will lead to biased estimation for 𝛃. To assess the size of the bias consider the OLS
estimator.
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β̂ =

cov(𝐗, 𝐲) cov(𝐗 + 𝐕, 𝐗𝛃 + 𝛜)
=
var(𝐗)
var(𝐗)
𝟐

̂ = 𝜷𝟐 𝝈𝑿𝟐 = 𝜆𝜷
𝜷
𝝈 +𝝈
𝑿

𝑽

(Pischke, 2007)

σ2

X
Where λ = σ2 +σ
2
X

V

The quantity λ is referred to as reliability or signal-to-total variance ratio. Since 0 < λ < 1 the
coeffcient β will be biased towards zero. This bias is therefore called attenuation bias and λ is
the attenuation factor in this case. The bias is
̂ − 𝜷 = 𝜆𝜷 − 𝜷 = −(1 − 𝜆)𝜷 = −
𝑝𝑙𝑖𝑚𝜷

𝜎𝑉2
𝜷
𝜎𝑋2 + 𝜎𝑉2

which brings out the fact that the bias depends on the sign and size of 𝛃.
If we take in consideration, measurement error in the dependent variable 𝐲, however, does not
cause endogeneity (though it does increase the variance of the error term).(Montani, et al., 2016).
3.6.4 Simultaneity
It is useful to see, in a simple model, that an explanatory variable that is determined
simultaneously with the dependent variable is generally correlated with the error term, which
leads to bias and inconsistency in OLS. We consider the two-equation structural model. Suppose
that two variables are codetermined, with each affecting the other. Suppose that there are two
"structural" equations,
𝒚 = 𝜷𝟏 𝑿 + 𝜸𝟏 𝒁 + 𝒖
𝒁 = 𝜷𝟐 𝑿 + 𝜸𝟐 𝒚 + 𝒗
Solving for 𝒁
𝒁=

𝜷𝟐 + 𝛾2 𝜷𝟏
𝟏
𝛾2
𝑿+
𝒗+
𝒖
1 − 𝛾1 𝛾2
1 − 𝛾1 𝛾2
1 − 𝛾1 𝛾2

Where (1 − γ1 γ2 ) ≠ 0
Assuming that 𝑿 and 𝒗 are uncorrelated with 𝒖 we have that,
γ

E(𝐙𝐮) = 1−γ2 γ E(𝐮2 ) ≠ 𝟎
1 2

which make endogeneity.
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(3.26)

3.7 Nonspherical data
In panel data literature, data which not hold the fourth assumption of Gauss–Markov known as
non-spherical errors data. There are two major sources of non-spherical errors.
1. The error term does not have constant variance.
This is called heteroscedasticity. In this case, the disturbances are drawn from probability
distributions that have different variances. This often occurs when using cross-section data.
When the error term has non constant variance, the variance-covariance matrix of disturbances is
not given by a constant times the identity matrix ( 𝐖  𝟐 𝐈). This is because the elements on the
principal diagonal of 𝐖, which are the variances of the distributions from which the disturbances
are drawn, are not a constant given by  2 but have different values.
2. The errors are correlated.
This is called autocorrelation or serial correlation. In this case, the disturbances are correlated
with one another. This often occurs when using time-series data. When the disturbances are
correlated, the variance-covariance matrix of disturbances is not given by a constant times the
identity matrix ( W  𝟐 I). This is because the elements off the principal diagonal of W, which
are the covariances of the disturbances, are non-zero numbers.
As we will show, generalized least square estimation method will play a big role in overcoming
these problems.
3.8 Fixed effect estimation
In literature of panel data analysis, there are three equivalent approaches to estimate fixed effect
models with constant slopes and variant intercepts over individuals (Zivot, 2012)
3.8.1 Least squares dummy variable estimator(LSDV)
The mental way to estimate fixed effect model is to introduce dummy variables to allow for the
effects of those omitted variables that are speciﬁc to individual cross-sectional units but stay
constant over time. For simplicity, we assume no time- speciﬁc effects and focus only on
individual-speciﬁc effects.
We can write this in the usual regression framework by including a dummy variable for each unit
𝑖 in the model. That is,
𝑁

𝐲𝐢𝐭 = 𝑿𝒊𝒕 𝜷 + ∑ 𝛼𝑗 𝑑𝑖𝑗 + 𝑢𝑖𝑡

𝑖 = 1,2, … … . . , N t = 1,2, … , T (3.27)

𝑗=2

Where 𝑑𝑖𝑗 =1 when 𝑖 = 𝑗 and 0 elsewhere.
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Not all the dummies are included so as not to fall in the dummy variable trap.
The parameters (𝛼1 , 𝛼2 , … , 𝛼𝑁 , 𝜷) in (3.27) can be estimated by ordinary least squares. The
implied estimator for 𝜷 is referred to as the least squares dummy variable (LSDV) estimator.
(The computational procedure for estimating the slope parameters in this model does not require
that the dummy variables for the individual effects actually be included in the matrix of
explanatory variables). (Hsiao, 2014). We need only ﬁnd the means of time-series observations
separately for each cross-sectional unit, transform the observed variables by subtracting out the
appropriate time-series means, and then apply the least squares method to the transformed data.
Given the assumed properties of 𝑢𝑖𝑡 , we know that the ordinary-least-squares (OLS) estimator
of (3.27) is the best linear unbiased estimator (BLUE).
In vector form
y1
u1
X1
e
0
0
y2
u2
0
X
e
0
𝐲 = [ ⋮ ] = [ ] α1 + [ ] α2 + ⋯ + [ ] αN + [ 2 ] β + [ ⋮ ]
⋮
⋮
⋮
⋮
yN
uN
0
XN
0
e

(3.28)

Where

𝐲

i
T×1

yi1
x1i1
yi2
x1i2
= [ ⋮ ] ,X i = [ ⋮
T×K
yiN
x1iT

e1×T
́ = (1,1, … … ,1), ú
E(ui ) = 𝟎,

i
1×T

x2i1
x2i2
⋮
x2iT

⋯ xKi1
⋱ xki2
⋱
⋮ ]
⋯ xKiT

= (u1 , u2 , … … , uT )

E(ui ú i ) = σ2u 𝐈T×T

Where 𝐈T×T denotes the identity matrix.
OLS estimators of αi and 𝜷 are obtained by minimizing
𝑵
́
𝑺 = ∑𝑵
𝒊=𝟏 𝒖́𝒊 𝒖𝒊 = ∑𝒊=𝟏(𝒚𝒊 − 𝒆𝜶𝒊 − 𝑿𝒊 𝜷)(𝒚𝒊 − 𝒆𝜶𝒊 − 𝑿𝒊 𝜷)

(3.29)

Taking partial derivative of S with respect to αi and setting them equal to zero,
̅𝒊
̂𝒊 = 𝒚
̅𝒊 − 𝜷́𝑿
𝜶

𝒊 = 𝟏, 𝟐 … … , 𝑵

Where
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(3.30)

𝑇

1
𝐲̅𝑖 = ∑ 𝑦𝑖𝑡 ,
𝑇
1

𝑇

1
𝑥̅ 𝑖 = ∑ 𝑥𝑖𝑡
𝑇
1

Substituting into and taking the partial derivative of S with respect to β, we have
𝑵

−𝟏

𝑻

̂ = [∑ ∑(𝑿𝒊𝒕 − 𝑿
̅ 𝒊 )(𝑿𝒊𝒕 − 𝑿
̅ 𝒊 )̀]
𝜷

𝑵

𝑻

̅ 𝒊 )(𝒚𝒊𝒕 − 𝒚
̅ 𝒊 )]
[∑ ∑(𝑿𝒊𝒕 − 𝑿

𝒊=𝟏 𝒕=𝟏

(3.31)

𝒊=𝟏 𝒕=𝟏

If N is small, facilely we can use OLS estimation. Of course, if N is thousands, then this model
is likely to exceed the storage capacity of any computer.
3.8.2 Within group estimator or (fixed effect estimator)
To illustrate the within group estimator consider the simpliﬁed panel regression
with a single regressor as
𝐲𝒊𝒕 = 𝑿𝒊𝒕 𝜷 + (𝜶𝒊 + 𝒖𝒊𝒕 )

𝒊 = 𝟏, 𝟐, … … . . , 𝑵 𝒕 = 𝟏, 𝟐. . . , 𝑻

(3.32)

Trick to remove ﬁxed effect αi : First, for each 𝑖 average over time 𝑡
̅ 𝒊 𝜷 + 𝜶𝒊 + 𝒖
̅𝒊
𝐲̅𝒊 = 𝑿

𝑖 = 1,2, … … . . , 𝑁
𝑇

1
𝐲̅𝑖 = ∑ 𝑦𝑖𝑡 ,
𝑇
1

(3.33)

𝑇

1
𝐱̅ 𝑖 = ∑ 𝑥𝑖𝑡
𝑇
1

Subtract (3.33) from (3.32) we get
̅ 𝒊 = 𝑿𝒊𝒕 − 𝑿
̅ 𝒊 𝜷 + 𝜶𝒊 − 𝜶𝒊 + 𝒖𝒊𝒕 − 𝒖
̅𝒊
𝒀𝒊𝒕 − 𝒀

(3.34)

Which can be rewritten as
𝒀̈𝒊𝒕 = 𝑿̈𝒊𝒕 𝜷 − 𝒖̈ 𝒊𝒕 , 𝒊 = 𝟏, 𝟐, … … . . , 𝑵 𝒕 = 𝟏, 𝟐. . . , 𝑻

(3.35)

Where Ÿit is the time-demeaned data (and similarly for 𝑿̈𝒊𝒕 and 𝒖̈ 𝒊𝒕 )
This transformation of the original equation, known as the within transformation, has eliminated
𝛼𝑖 from the equation. (The OLS estimator for 𝜷 obtained from this transformed model is
often called the within estimator or ﬁxed effects estimator, and it is exactly identical to
the LSDV estimator described above). (Verbeek, 2004).
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we now see why this estimator requires strict exogeneity, the equation in (3.35) contains all
residuals 𝑢𝑖1 , 𝑢𝑖2 , … , 𝑢𝑖𝑇 (since these enter u̅i ) whereas the vector of transformed
explanatory variables contains all values of the explanatory variables xi1 , xi2 , … , xiT (since these
̅𝒊 ). Hence we need E (𝑥𝑖𝑡 𝑢𝑖𝑠 ) = 0 for s = 1, 2,…, T; or there will be endogeneity bias if
enter 𝒙
we estimate using OLS. Under exogeneity assumption these estimators are consistent for the
ﬁxed effects 𝛼𝑖 provided T goes to inﬁnity. The reason why 𝛼̂𝑖 is inconsistent for ﬁxed T is
clear, when T is ﬁxed the individual averages 𝑌̅𝑖 and 𝑋̅𝑖 do not converge to anything if the
number of individuals increases.
3.8.3 First difference estimator
In this method we used differencing to eliminate the unobserved effect with T = 2. We now
study the differencing transformation in (2.26) model.
𝒀𝒊𝒕 − 𝒀𝒊,𝒕−𝟏 = (𝑿𝒊𝒕 − 𝑿𝒊,𝒕−𝟏 )𝜷 + (𝜶𝒊 − 𝜶𝒊 + 𝒖𝒊𝒕 − 𝒖𝒊,𝒕−𝟏 )
∆𝒀𝒊𝒕 = ∆𝑿𝒊𝒕 𝜷 + ∆𝒖𝒊𝒕

(3.36)

Clearly this removes the individual fixed effect. Here we need a weaker form of strict
exogeneity than what is required for FE, in the sense that E (𝑿𝒊𝒕 𝒖𝒊,𝒕−𝟐 ) = 0 , for example, is not
required). Thus, if there is feedback from uit to Xit that takes more than two periods, first
difference estimator will be consistent, whereas fixed effect estimator will not (hence weaker
form of strict exogeneity). So we can obtain consistent estimates of by estimating the equation in
first differences by OLS. Then the exogeneity assumption needed for first difference estimator
take the form
E(Xit uis ) = 0 , s = t, t − 1
Or there will be endogeneity bias if we estimate using OLS.
3.9 Fixed effects or first differencing (Wooldridge, 2013)
Two competing methods: first differencing and fixed effects. Which should we use? If T=2, it
does not matter, since FD and FE methods are identical in that case. When T ≥ 3, the two
methods do not yield the same results, but they are both unbiased estimators of the coefficient
vector. Both are consistent with T fixed as N → ∞. For large N and small T (a common setup in
many datasets) we might be concerned with relative efficiency. When the uit are serially
uncorrelated (given that they are homoskedastic, this amounts to saying they are i.i.d.) FE will be
more efficient than FD, and the standard errors reported from FE are valid. We often may
assume serially uncorrelated errors, but there is no reason why that condition will necessarily
hold in the data. If uit follows a random walk process, then its differences will be uncorrelated,
- 45 -

and first differencing will be the appropriate estimator. But we may often encounter an error
process with some serial correlation, but not necessarily a random walk process. When T is large
and N is not very large (for instance, when we have many time periods of data on each of a small
number of units) we must be careful in using the FE estimator, since its large-sample
justification relies on N → ∞, not T. If FE and FD give substantively different results, it might
be very hard to choose between them, and we might want to report them both.
3.10 Random effect estimation
In random effect model, we assumed that the individual effects αi are random factors,
independently distributed over individuals. And the model take the form in (2.28) as
𝒀𝒊𝒕 = 𝑿𝒊𝒕 𝜷 + (𝜶𝒊 + 𝒖𝒊𝒕 )

𝒊 = 𝟏, 𝟐, … … . . , 𝑵 𝒕 = 𝟏, 𝟐, … … . . , 𝑻

Where αi + uit is treated as an error term consisting of two components: an individual specific
component, which does not vary over time, and a reminder component, which is assumed to be
uncorrelated over time. The presence of αi produces a correlation among residuals of the same
cross sectional unit, though the residuals from different cross-sectional units are independent.
For simple form let composite error term
𝜺𝒊𝒕 = 𝜶𝒊 + 𝒖𝒊𝒕
Still it hold E(𝜺𝒊𝒕 |𝑿𝒊𝒕 ) = 0
𝑉(𝜀𝑖𝑡 ) = 𝜎𝛼2 + 𝜎𝑢2

(3.37)

But εit and εis (t ≠ s) are correlated; that is, the error terms of a given cross-sectional unit at two
different points in time are correlated. The correlation coefﬁcient, corr (εit , εis ), is as follows
𝜎2

𝛼
𝑐𝑜𝑟𝑟 (𝜀𝑖𝑡 , 𝜀𝑖𝑠 ) = 𝜎2 +𝜎
2
𝛼

𝑢

(3.38)

(Gujarati, 2004)

in this case, one of the most important assumption of least square estimation is violated. In many
empirical cases, the Gauss–Markov conditions will not all be satisﬁed, this is not necessarily
fatal for the OLS estimator in the sense that it is consistent under fairly weak conditions. We will
discuss the consequences of heteroskedasticity and autocorrelation, which imply that the error
terms in the model are no longer independently and identically distributed. In such cases, the
OLS estimator may still be unbiased or consistent, but its covariance matrix is different from
that in (3.22). Moreover, the OLS estimator may be relatively inefﬁcient and no longer have the
BLUE property.
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If our data have non spherical disturbances, then the OLS estimator has the following
properties.(Weisberg, 2014)
1. The OLS estimator is unbiased
2. The OLS estimator is inefficient.
3. The OLS estimator is not the maximum likelihood estimator.
4. The variance-covariance matrix of estimates is incorrect, and therefore the estimates of the
standard errors are biased and inconsistent
5. Hypothesis tests are not valid.
Property 2 means that in the class of linear unbiased estimators, the OLS estimator does not have
minimum variance. Thus, an alternative estimator exists that will yield more precise estimates.
Then we need the following assumptions
E(𝛜𝐢 |𝐗) = 𝐨
𝐲 = 𝑿𝜷 + 𝝐
E(𝛜𝛜̀ |𝐗) = σ2 𝜴
where 𝜴 is a positive deﬁnite matrix, contains terms for heteroscedasticity and/or autocorrelation
_ Heteroskedasticity

σ21
E(𝛜𝛜̀ |𝐗) = ( 0
⋮
0

0
σ2 2
⋮
0

1
ρ
σ2 𝜴 = ( 1
⋮
ρN−1

ρ1
1
⋮

…
⋯
⋱
⋯

0
0 ) = σ2 𝜴
⋮
σ2 N

_ Autocorrelation

ρN−2
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… ρN−1
⋯ ρN−2
)
⋱
⋮
⋯
1

If E(𝛜𝐢 |𝐗) = 𝟎, then the unbiasedness of least squares estimator is unaffected by violation of
assumption (4). Moreover, the consistency still holds too.(Greene, 2003)
̂ from (3.21), E(ϵϵ̀ |X) = σ2 𝜴
However, the sampling variance for 𝛃
̂ |𝑿) = 𝝈𝟐 (𝑿̀𝑿)−𝟏 𝑿̀𝜴 𝑿(𝑿̀𝑿)−𝟏
𝑉𝑎𝑟(𝜷
−1
which generally does not equal σ2 (X̀X) except for special forms o 𝜴 f (like 𝜴 = 𝑰). Also in

general
1
̂ )̀(𝐲 − 𝑿𝜷
̂ )) ≠ σ2
E(S 2 ) = E (N−K (𝐲 − 𝑿𝜷

(Fomby, et al., 1988)

Similar conclusions hold for the large-sample properties of β̂ . Assuming
plim
plim

1
𝐗̀𝐗 = 𝐃
N

1
𝐗̀𝛀𝐗 = 𝐂
N

and assuming suitable limit theorems are applicable, the classical least square estimator will have
an asymptotically normal distribution,
d

̂ − 𝛃) → N(0, σ2 𝐃−1 𝐂𝐃−1 ),
√N(𝛃
But in general 𝐃−1 𝐂𝐃−1 ≠ 𝐃−1 and plim s2 ≠ σ2
̂ ), they no longer have the desired t
̂ (𝛃
(As the t and F statistics depend on the elements of Var
and F distributions under the null hypothesis. Consequently, the inferences based on these tests
become invalid). (Bierens, 1994)
If 𝛀 is known, then there is a simple and effcient estimator available based on it. [In such
situation, we may discard OLS estimator] However, if 𝛀 is completely unknown, the OLS
estimator may be the only estimator available, and as such, the only available strategy is to try to
̂.
devise an estimator for the appropriate asymptotic covariance matrix of 𝛃
As it evident from (3.38), the nature of the random model increases the likelihood of serial
correlation in our dat. So we will need to look for a more comprehensive estimation method, a
method that can deal with correlation among residuals of the same cross sectional unit.
Generalized Least Square method is the desired goal.
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The effectiveness of GLS method is not limited to autocorrelation, but it can be deal with another
urgent problem, of heteroskedasticity. To derive the GLS estimator, ﬁrst note that for individual i
all error terms can be stacked as
𝛆𝐢 = 𝛂𝐢 𝐞 + 𝐮𝐢
Where 𝐞T×1 = (1,1, … … ,1)́
and 𝐮i = (ui1 , ui2 , … , uiT )́
The covariance matrix of this vector is (Hsiao, 2003)
V(εi ) = V(αi e + ui ) = σ2α 𝐞𝐞́ + σ2u 𝐈T
where 𝐈T is the T-dimensional identity matrix. This can be used to derive the generalized least
squares (GLS) estimator for the parameters in (2.28). We will review the possibilities of GLS as
a comprehensive estimation method, through which many problems can be overcome. And we
will prove it as the way to deal with non-spherical data.
3.11 Generalized Least Square Estimator
The first thing that will come to mind, is how our hypothesis will be about the variancecovariance matrix of the disturbances?
let V(εi ) = σ2 𝛀
where the matrix 𝜴 contains terms for heteroscedasticity and/or autocorrelation. If we knew the
variance-covariance matrix of the error term, then we can make a heteroskedastic model into a
homoskedastic model. Note that, the basic idea behind GLS is to transform the data 𝐗, 𝐲 so
that the variance of the transformed model is σ2 𝑰.
Define further that
𝜴−𝟏 = 𝑷̀𝑷
Where 𝑷 is a "n × n"matrix (We use Cholesky or Traingular decomposition, which we can do
for any symmetric and positive semidefinite matrix). Since Ω is invertible.
Pre-multiply 𝑷 on a regression model(2.27)
𝐏𝐘𝐢𝐭 = 𝐏𝐗 𝐢𝐭 𝛃 + 𝐏𝛆𝐢𝐭

i = 1,2, … … . . , N t = 1,2, … … . . , T

(3.39)

Or
̌𝐢𝐭 = 𝐗
̌ 𝐢𝐭 𝛃 + 𝛆̌𝐢𝐭
𝐘

i = 1,2, … … . . , N t = 1,2, … … . . , T
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(3.40)

In this model, the variance of ̌ is
(̌ ̌̀ )
̀

Note that
̀
Because

̀ ̀)

(

because define
̀ , thus ̀

(̌ ̌̀ )

̀ )̀

(
̀

̀

, then ̀

̀ . Therefore,

̀

̀

̀
. by the definition of ,

must be equal . (Watson & Teelucksingh, 2010)

, the transformed model satisfies the assumption of homoscedasticity.

Thus, we can estimate the model using OLS estimation.
Hence,
( ̌̀ ̌ )

̂

(̀ ̀
̂
̂

(̀

)

)

̌̌
̀ ̀

̀

(

)

Is the efficient estimator of . This is called the generalized least square(GLS) estimator.

Note that the GLS estimators are unbiased when ( ̌ | ̌ )

. Since this estimator is also linear

in the original dependent variable , it follows that this “generalized least squares” (GLS)
estimator is best linear unbiased using . Also, the usual estimator of the scalar variance
parameter

will also be unbiased if transformed data( ̌ and ̌ ) are used.

(
Where (
If

̂

(̌

̌̂

)̀

(

)̀(̌
̂

̌̂

)

)
(

)

)

is assumed multinomial,
(

)

Then the existing results for classical least square imply that ̂

is also multinomial,

Therefore the sampling distribution of ̂ is
̂

(

(̀ )

̀

(̀ ) )
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(

)

2
And is independent of sGLS
, with

(N−K)s2GLS
σ2

~χ2N−K

And the same arguments for consistency of the classical least square estimator under the
classical regression model imply the corresponding large-sample results for the GLS estimator
under the generalized regression model, assuming the usual limit theorems are applicable
d

̂ − 𝛃) → N(0, σ2 V)
√N(𝛃
With
−1
1
V ≡ σ2 plim ( 𝑿̀𝜴−𝟏 𝑿)
N
−1

1
2
= plim sGLS
(N 𝑿̀𝜴−𝟏 𝑿)

To view GLS in a simplified way let us ask what does the GLS estimator minimize? Recall that
̂ )̀( 𝐲 − 𝐗𝛃
̂ ) That is it minimizes the
the least squares estimator minimizes 𝛆́ 𝛆 = (𝐲 − 𝐗𝛃
̂ ). We know the GLS estimator is just least squares applied to 𝐏𝐘𝐢𝐭 =
length of ( 𝐲 − 𝐗𝛃
𝐏𝐗 𝐢𝐭 𝛃 + 𝐏𝛆𝐢𝐭 . therefore, β̂GLS minimize the length of P( y − Xβ̂GLS ).that is, it minimize
́ ( 𝐲 − 𝐗𝛃
̂ 𝐆𝐋𝐒 )́( 𝐏𝐲 − 𝐏𝐗𝛃
̂ 𝐆𝐋𝐒 ) = (𝐲 − 𝐗𝛃
̂ 𝐆𝐋𝐒 )́𝐏𝐏
̂ 𝐆𝐋𝐒 )
(𝐏𝐲 − 𝐏𝐗𝛃
̂ 𝐆𝐋𝐒 )́𝛀−𝟏 ( 𝐲 − 𝐗𝛃
̂ 𝐆𝐋𝐒 )
= (𝐲 − 𝐗𝛃
which is just a weighted sum of squared residuals. After weighting, each observation
̂ 𝐆𝐋𝐒 .
contributes about the same amount of information to the estimation of 𝛃
The variance of GLS estimator is
−𝟏

̂ 𝑮𝑳𝑺 ) = 𝜎 𝟐 (𝑿
̌̀ 𝑿
̌)
V(𝜷

= 𝜎 𝟐 (𝑿̀𝜴−𝟏 𝑿)−𝟏

(3.44)

Note that, under homoskedasticity, 𝜴−𝟏 = 𝑰, GLS becomes OLS. . To actually use the GLS
estimator, we must know the elements of the variance-covariance matrix of disturbances, σ2 𝜴.
That means that you must know the true values of the variances and covariances for the
disturbances. However, since you never know the true elements of 𝜴, you cannot actually use
the GLS estimator, and therefore the GLS estimator is not a feasible estimator. The problem is ,
we don’t know σ2 𝛀 . thus we have to estimate it empirically.
The advantage of deriving the GLS estimator in this way is also that we do not have to
derive a new covariance matrix or a new estimator for σ2 : we can simply use all the standard
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OLS results after replacing the original variables by their transformed
counterparts.(Verbeek, 2004). For example, the covariance matrix of (for a given 𝑿) is given by
−1

̂ GLS ) = σ2 (𝑿
̌̀ 𝑿
̌)
V(𝜷

= σ2 (𝑿̀𝜴−𝟏 𝑿)−1

3.12 Weighted Least Squares Estimation (WLS)
A special case of GLS called weighted least squares (WLS) occurs when all the off-diagonal
entries of Ω are 0. This situation arises when the variances of the observed values are unequal
(i.e. heteroscedasticity is present), but where no correlations exist among the observed variances.
The weight for unit i is proportional to the reciprocal of the variance of the response for unit.
Consider a general case of heteroskedasticity.
V(εi ) = σ2i = σ2 ωi .
Remember for a constant ω if we multiply a variable by a constant the variance is multiplied by
the square of that constant.
1
σ2
= 2
ωi σi
Then,
ω1
0
2
̀
⋮
E(𝛆̌𝐢𝐭 𝛆̌𝐢𝐭 ) = σ
0
(0

0
ω2
⋮
0
0

0
0
ω3
⋮
0

0
0
0 = 𝛔2 Ω
⋮
ωN )

1
ω1

0

0

0

0

1
ω2

0

0

⋮

⋮

0

0

1
ω3
⋮

0

0

0

Thus,

𝛀−1 =

(
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0
⋮
1
ωN )

Because of 𝛀−𝟏 = 𝐏̀𝐏, P is a N × N matrix whose i-th diagonal is 1⁄√ωi . By pre-multiplying P
on 𝐲 and 𝐗, we get
Y1
⁄ ω
√ 1
Y2
⁄ ω
√ 2

̌𝐢𝐭 =𝐏𝐘𝐢𝐭 =
𝐘

(

⋮
YN
⁄ ω
√ N

)

And
1⁄
√ω1
1⁄
̌ 𝐢𝐭 = 𝐏𝐗 𝐢𝐭 =
𝐗
√ω2
⋮
1⁄
( √ωN

x11
⁄ ω
√ 1
x21
⁄ ω
√ 2
⋮
xN1
⁄ ω
√ N

x12
⁄ ω
√ 1
x22
⁄ ω
√ 2
⋮
xN2
⁄ ω
√ N

x1K
⁄ ω
√ 1
x2K
…
⁄ ω
√ 2
…
⋮
x
… NK⁄
√ωN )
…

̌𝐢𝐭 and 𝐗
̌ 𝐢𝐭 is called the weighted least square (WLS) because each variable is
The OLS on 𝐘
weighted by √ωi . Logical question appear here, where we can get ωi . We have to find these
weighted factors.
3.13 Feasible GLS (FGLS) (Greene, 2012)
If the variance components are known, generalized least squares can be computed as shown
earlier. Of course, this is unlikely, so as usual, we must ﬁrst estimate the disturbance variances
and then use an FGLS procedure. A heuristic approach to estimation of the variance components
is as follows
𝐘𝐢𝐭 = 𝐗 𝐢𝐭 𝛃 + (𝛂𝐢 + 𝐮𝐢𝐭 )

i = 1,2, … … . . , N t = 1,2, … … . . , T

and
̅𝐢 = 𝐗
̅ 𝐢 𝛃 + (𝛂𝐢 + 𝐮
𝐘
̅𝐢 )
Therefore, taking deviations from the group means removes the heterogeneity
̅𝐢 = (𝐗 𝐢𝐭 − 𝐗
̅ 𝐢 )𝛃 + 𝐮𝐢𝐭 − 𝐮
𝐘𝐢𝐭 − 𝐘
̅𝐢
And
E[∑Tt=1(uit − u̅i )2 ] = (T − 1)σ2u
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(Greene, 2012)

If 𝛃 were observed, then an unbiased estimator of σ2u based on T observations in group 𝑖 would
be
σ2u (i) =
̂

∑Tt=1(uit − u̅i )2
T−1

Because 𝛃 must be estimated implies that the LSDV estimator is consistent, indeed, unbiased in
general (we make the degrees of freedom correction and use the LSDV residual in
se2 (i)

∑Tt=1(eit − e̅i )2
=
T−K−1

We have N such estimators, so we average them to obtain
N

s̅ e2 (i)

N

T
∑Tt=1(eit − e̅i )2
∑N
1
1
̅ i )2
i=1 ∑t=1(eit − e
= ∑ se2 (i) = ∑ [
]=
N
N
T−K−1
NT − NK − N
i=1

(3.45)

i=1

The degrees of freedom correction in s̅ e2 is excessive because it assumes that 𝛂 and 𝛃 are
reestimated for each i . the estimated parameters are the 𝐲̅𝐢 means and the K slopes. Therefore, we
propose the unbiased estimator
2
σ2u (i) = sLSDV
̂
=

T
∑N
̅ i )2
i=1 ∑t=1(eit −e

NT−N−N

(3.46)

(Greene, 2012)

Which is the variance estimator in the fixed effect model.
Return to the original model in (2.28). In spite of the correlation across observations, this is a
classical regression model in which the ordinary least squares slopes and variance estimators are
both consistent and, in most cases, unbiased. Therefore, using the ordinary least squares residuals
from the model with only a single overall constant, we have
è e
2
(3.47)
plim spooled
= plim
= σ2u + σ2α
(Greene, 2012)
NT − K − 1
This provides the two estimators needed for the variance components; the second would be
2
2
σ2α = spooled
̂
− sLSDV

A possible complication is that this second estimator could be negative. But, recall that for
feasible generalized least squares, we do not need an unbiased estimator of the variance, only a
consistent one. As such, we may drop the degrees of freedom corrections in (3.46) and
(3.47). If so, then the two variance estimators must be nonnegative, since the sum of squares in
the LSDV model cannot be larger than that in the simple regression with only one constant term.
Alternative estimators have been proposed, all based on this principle of using two different
sums of squared residuals. This is a point on which modern software varies greatly. Generally,
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programs begin with (3.46) and (3.47) to estimate the variance components. What they do next
when the estimate of σ2 is nonpositive is far from uniform. Dropping the degrees of freedom
correction is a frequently used strategy, but at least one widely used program simply sets σ2 to
zero, and others resort to different strategies based on, for example, the group means estimator.
The unfortunate implication for the unwary is that different programs can systematically
produce different results using the same model and the same data. The practitioner is strongly
advised to consult the program documentation for resolution.
3.14 Related tests for panel data analysis
As a statistical analysis, we have to look at some statistical tests, which provide a mechanism for
making quantitative decisions about a process. The panel data is different in its characteristics
than cross sectional or time series data. How can one test assumptions of regression such as
heteroskedasticity, auto correlation, multicollinearity for panel data regression. We will review
the most important tests, including the preference test ( Husman's test) as an answer to a complex
question, which is the best model to interpret our data? Fixed or random model.
3.14.1 Testing for Heteroskedasticity
The assumption of homoscedasticity is central to linear regression models. Homoscedasticity
describes a situation in which the error term is the same across all values of the independent
variables. Heteroscedasticity (the violation of homoscedasticity) is present when the size of the
error term differs across values of an independent variable. The impact of violating the
assumption of homoscedasticity is a matter of degree, increasing as heteroscedasticity increases.
To rationalize the test for heteroskedasticity we note first that the homoskedasticity assumption
in OLS implies V(εi ) = σ2
In that case, if we want to test for heteroskedasticity, our maintained assumption is that the errors
are actually homoskedastic, and we wish to examine if that is true. That is the null hypothesis is
just the above,
H0 : V(εi ) = σ2
Next, note that in examining heteroskedasticity, the expected value of the errors being zero is
still maintained. So that we can rewrite the hypothesis being test as
H0 : E(ε2i |X1 , X2 , … , X K ) = σ2
So that if we assume a simple linear relationship between ε with respect to the dependent
variables, we could then test the hypothesis. To see this, consider a general k variable regression
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where the dependent variable is ε2 . Let ϵ be the error term in the linear relationship, and assume
that it is normal distributed with mean 0 given the independent variables. That is
ε2 = δ0 + δ1 X1 + δ2 X 2 + ⋯ + ϵ
If homoskedasticity holds, then we would have
H0 : δ1 = δ2 = ⋯ = δK
This implies that we could test the hypothesis using the F statistic. Of course we do not observe
the true population error term, nor could we get a sample. However, we could use the residuals
from the original OLS regression of 𝐲 against 𝐗 . That is we perform the following regression,
and calculate the F statistic there after.
ε̂2 = δ0 + δ1 X1 + δ2 X 2 + ⋯ + ϵ
The F statistic is dependent on the goodness of fit measure (Greene, 2012) from the above
regression. Let that be R2ε̂2 , then the statistic is,
R2ε̂2
K
F=
1 − R2ε̂2
NT − (K + 1)

(3.48)

And the statistic is approximately distributed as a FK,NT−(K+1) under the null hypothesis.
(Many results suggest that it is best to test ﬁrst for heteroscedasticity rather than merely to
assume that it is present)(Greene, 2012).
3.14.2 Testing For Random Effects (Breusch-Pagan Lagrange multiplier test)
It is well known procedure that uses a rather easy statistic that is also dependent on the goodness
of fit measure, call the (LM) Lagrange Multiplier statistic.
The Breusch–Pagan test is based on models of the type 𝜎𝑖2 = ℎ(𝒛𝒊̀ 𝜸) for the variances of the
observations where 𝒛𝒊 = (𝟏, 𝒛𝟐𝒊 , … , 𝒛𝒑𝒊 ) explain the difference in the variances. The null
hypothesis is equivalent to the (𝑝 − 1) parameter restrictions. (Baltagi, 2013)
H0 : γ2 = ⋯ = γp = 0
Always, z could be partly replaced by independent variables 𝐗.

The statistic is,
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LM = NT × R2ε̂2

(3.49)

Under the null hypothesis of homoscedasticity, LM has a limiting chi-squared distribution with
degrees of freedom equal to the number of variables in zi .(Greene, 2012).
LM~χ2p−1
Note , Breusch-Pagan Test can be considered as testing for the presence of an unobserved effect.
If the standard random effects assumptions hold but the model does not actually contain an
unobserved effect, pooled OLS is efficient and all associated pooled OLS statistics are
asymptotically valid. The absence of an unobserved effect is statistically equivalent to
H0 : σ2 α = 0 in (3.37) ( Wooldridge, 2002). That is, under the null hypothesis, we do not have
to account for subject specific effects.
3.14.3 Fixed effects or random effects (Hausman Test )
A logical question, whichever is better than the other, fixed or random effects. Whether to treat
the effects as ﬁxed or random makes no difference when T is large, because both the LSDV
estimator and the generalized least squares estimator become the same estimator. (Hsiao,
2003). Whether to treat the individual effects αi as ﬁxed or random is not an easy question to
answer. It can make a surprising amount of difference in the estimates of the β parameters in
cases where T is small and N is large. When only a few observations are available for each
individual it is very important to make the most efﬁcient use of the data. The most common
view is that the discussion should not be about the ‘true nature’ of the effects αi . The appropriate
interpretation is that the ﬁxed effects approach is conditional upon the values for αi . That is, it
essentially considers the distribution of yit given αi , where the αi s can be estimated. This
makes sense intuitively if the individuals in the sample are ‘one of a kind’, and cannot be
viewed as a random draw from some underlying population. This interpretation is probably
most appropriate when i denotes countries, (large) companies or industries, and predictions
we want to make are for a particular country, company or industry. Inferences are thus
with respect to the effects that are in the sample. In contrast, the random effects approach is not
conditional upon the individual αi s, but ‘integrates them out’. In this case, we are usually not
interested in the particular value of some person’s αi , we just focus on arbitrary
individuals that have certain characteristics. The random effects approach allows one to make
inference with respect to the population characteristics. One way to formalize this is noting that
the random effects model states that
E(yit |Xit ) = βit Xit
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while the ﬁxed effects model estimates
E(yit |Xit , αi ) = βit Xit + αi
Note that the β coefﬁcients in these two conditional expectations are the same only if
E(αi |Xit ) = 0. To summarize this, a ﬁrst reason why one may prefer the ﬁxed effects
estimator is that some interest lies in αi , which makes sense if the number of units is
relatively small and of a speciﬁc nature. That is, identiﬁcation of individual units is
important.
However, even if we are interested in the larger population of individual units, and
a random effects framework seems appropriate, the ﬁxed effects estimator may be
preferred. The reason for this is that it may be the case that αi and Xit are correlated, in which
case the random effects approach, ignoring this correlation, leads to inconsistent estimators.
The problem of correlation between the individual effects αi and the explanatory variables
in Xit can be handled by using the ﬁxed effects approach, which essentially eliminates the αi
from the model, and thus eliminates any problems that they may cause.
(Hausman &Taylor, 1978) suggested a test for the null hypothesis that Xit and αi are
uncorrelated. The general idea of a Hausman test is that two estimators are compared: one which
is consistent under both the null and alternative hypothesis and one which is consistent (and
typically efﬁcient) under the null hypothesis only.
The idea is that under the hypothesis of no correlation, both OLS in the LSDV model and GLS
are consistent, but OLS is inefficient, whereas under the alternative, OLS is consistent, but GLS
is not. Therefore, under the null hypothesis, the two estimates should not differ
systematically, and a test can be based on the difference. The Hausman test thus tests whether
the ﬁxed effects and random effects estimator are signiﬁcantly different.
̂ LSDV −
To test the difference, we need the covariance matrix of the difference vector, (𝛃
̂ GLS )(Verbeek, 2004) where 𝛃
̂ LSDV is the OLS in LSDV, and β̂GLS is GLS.
𝛃
̂ 𝑳𝑺𝑫𝑽 − 𝜷
̂ 𝑮𝑳𝑺 ) = 𝑽𝒂𝒓(𝜷
̂ 𝑳𝑺𝑫𝑽 ) + 𝑽𝒂𝒓(𝜷
̂ 𝑮𝑳𝑺 ) − 𝑪𝒐𝒗(𝜷
̂ 𝑳𝑺𝑫𝑽 , 𝜷
̂ 𝑮𝑳𝑺 ) − 𝑪𝒐𝒗(, 𝜷
̂ 𝑳𝑺𝑫𝑽 )̀
𝑽𝒂𝒓(𝜷

(𝟑. 𝟓𝟎)

Hausman’s essential result is that the covariance of an effcient estimator with its difference
from an efficient estimator is zero, which implies that
̂ LSDV − 𝛃
̂ GLS ), 𝛃
̂ GLS ) = Cov(𝛃
̂ LSDV , 𝛃
̂ GLS ) − Var(𝛃
̂ GLS ) = 0
Cov ((𝛃
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Or
̂ LSDV , 𝛃
̂ GLS ) − Var(𝛃
̂ GLS )
Cov(𝛃

(3.51)

From (3.51) in (3.50) we get
̂ LSDV − 𝛃
̂ GLS ) = Var(𝛃
̂ LSDV ) − Var(𝛃
̂ GLS ) = 𝚿
Var(𝛃
The chi-squared test is based on the Wald criterion:
̂ LSDV − 𝛃
̂ GLS )̀𝚿
̂ LSDV − 𝛃
̂ GLS )
̂ −1 (𝛃
W = χ2 (K − 1) = (𝛃
̂ , we use the estimated covariance matrices of the slope estimator in the LSDV
For Ψ
model and the estimated covariance matrix in the random effects model, excluding the
constant term. Under the null hypothesis, W has a limiting chi-squared distribution with K − 1
degrees of freedom.(Greene, 2012)
The ﬁxed effects model has the attraction of allowing one to use panel data to establish causation
under weaker assumptions than those needed to establish causation with cross-section data or
with panel data models without ﬁxed effects, such as pooled models and random effects
models.(Cameron &Trivedi, 2005).
However, in applied field we can summary Husman test as following (Startz, 2015).
_ If the individual specific effects are fixed, then the random effect estimator and the fixed
effect estimator of β will converge to different values.
_ If the individual specific effects are random, then the random effect estimator and the fixed
effect estimator of β will converge to the same value.
_ The null hypothesis is H0 : the individual effects are random.
3.15 Summary
In this chapter we presented a review of model form of ordinary least squares estimation and its
properties. We discussed the Gauss-Markov theorem and its required conditions, we also
discussed the variance-covariance matrix of the OLS estimates. We also introduce the problem
of endogeneity and the three generally recognized sources of endogeity. We also explained the
most important reasons of nonspherical data, autocorrelation and heteroscedasticity. We offered
appropriate estimation methods for fixed and random models, we explained the superiority of the
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generalized least square estimator, we also show its special technics such as weighted least
squares estimation and feasible GLS. We presented some related tests in linear panel data
analysis, testing for heteroskedasticity, testing for random effects and Hausman Test (fixed
effects or random effects).
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CHAPTER FOUR
CLIMATE CHANGE

4.1 Introduction
Nowadays, climate change is the biggest problem of the human being and it is one of the
defining issues of or time. It is already happening and represents one of the greatest
environmental, social and economic threats facing the planet .Climate change refer to a change
in average weather conditions, or in the time variation of weather around longer-term average
conditions. Through the results of studies on climate change, you can conclude without doubt
that climate change is inevitable. The climate can affect every person and our health directly
through increases in temperature. Such increases may lead to more extreme heat waves during
the summer while producing less extreme cold spells during the winter. Particular segments of
the population such as those with heart problems, asthma, the elderly, and the very young can be
especially vulnerable to extreme heat. There can be extreme floods and droughts, hurricanes.
According to NOAA (National Oceanic and Atmospheric Administration-USA) Climate change
is a long-term shift in the statistics of the weather (including its averages). For example, it could
show up as a change in climate normals (expected average values for temperature and
precipitation) for a given place and time of year, from one decade to the next. (Philander& Phil,
2012)
Many governmental and private institutions around the world interested in studying the
phenomenon of climate change to know the real causes as well as its consequences on our planet
and the future of humanity .Many scientific evidences continues to be gathered around the world
about climate change. And most experimental studies have already shown that the Earth's
climate has changed in the past century due to human activity .These experimental scientific
studies proved beyond any reasonable doubt that human activity on the earth's surface is the
prime cause of climate changes in the past decades. Add to this many of statistical analysis for
climate data proved a major role for humans in these changes. And because the climatic
changes taking small values in a relatively long periods of time, the statistical analysis has a
large role in understanding these changes and identify its causes, as well as predictability of its
sequences. In this thesis, we must discuss some of the concepts and definitions in the field of
climate change and use graphic charts. Some of these concepts will be the statistical variables
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used in our case study. Of course it will play an important role as random variables in our linear
panel model.
4.2 Is there climate warming?
Many government or civil institutions are working to verify this question, with many evidences
we can say yes. Multiple lines of scientific evidence show that the climate system is
warming. Many of the observed changes since the 1950s are unprecedented in the instrumental
temperature record which extends back to the mid-19th century.
Though warming has not been uniform across the planet, the upward trend in the globally
averaged temperature shows that more areas are warming than cooling. Since 1880, surface
temperature has risen at an average pace of 0.13°F (0.07°C) every 10 years for a net warming of
1.71°F (0.95°C) through 2016. Over this 136-year period, average temperature over land areas
has warmed faster than ocean temperatures: 0.18°F (0.10°C) per decade compared to 0.11°F
(0.06°C) per decade. The last year with a temperature cooler than the twentieth-century average
was 1976. (Nick, 2017).
The clearest evidence for surface warming comes from widespread thermometer records. In
some places, these records extend back to the late 19 century. Today, temperatures are monitored
at many thousands of locations, over both the land and ocean surface. Indirect estimates of
temperature change from such sources as tree rings and ice cores help to place recent
temperature changes in the context of the past. In terms of the average surface temperature of
Earth, these indirect estimates show that 1983 to 2012 was probably the warmest 30-year period
in more than 800 years as shown in figure 4.1

Figure 4.1 Earth’s global average surface temperature anomalies
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Earth’s global average surface temperature has risen as shown in this plot of combined land and
ocean measurements from 1850 to 2012, derived from three independent analyses of the
available data sets. The temperature changes are relative to the global average surface
temperature of 1961−1990. A wide range of other observations provides a more comprehensive
picture of warming throughout the climate system. For example, the lower atmosphere and the
upper layers of the ocean have also warmed, snow and ice cover are decreasing in the Northern
Hemisphere, the Greenland ice sheet is shrinking, and sea level is rising as shown in the next
figures. These measurements are made with a variety of monitoring systems, which gives added
confidence in the reality that Earth’s climate is warming.

Figure 4.2A Dramatic decrease in the extent of Arctic sea ice at its summer minimum
(Cicerone & Nurse, 2015).

Figure 4.2B Decrease in spring snow cover in the Northern Hemisphere
(Cicerone & Nurse, 2015)
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Figure 4.2C Increases in the global average ocean heat content. (Cicerone & Nurse, 2015)

Figure 4.2DSea-level rise compare to (1993-1999) average (Cicerone & Nurse, 2015).

A large amount of observational evidence besides the temperature records shows that Earth’s
climate is changing. For example, additional evidence of a warming trend can be found in the
dramatic decrease in the extent of Arctic sea ice at its summer minimum (which occurs in
September), decrease in spring snow cover in the Northern Hemisphere, increases in the global
average upper ocean (upper 700 m or 2300 feet) heat content (shown relative to the 1955–2006
average), and in sea-level rise.
4.3 Climate change definitions
Global warming referred to climate change, is the observed century-scale rise in the average
temperature of the Earth's climate system and its related effects. Many definitions have been
developed, we will simply mention some of them. According to U.N. it is a change of climate
which is attributed directly or indirectly to human activity that alters the composition of the
global atmosphere and which is in addition to natural climate variability observed over
comparable time periods.
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National Weather Service in USA, define climate change as a long-term shift in the statistics of
the weather (including its averages). For example, it could show up as a change in climate
normals (expected average values for temperature and precipitation) for a given place and time
of year, from one decade to the next (Rowe, 2015).
)Matthews, 2003) refers climate change as a change in the state of the climate that can be
identified (e.g., by using statistical tests) by changes in the mean and/or the variability of its
properties, and that persists for an extended period, typically decades or longer. Climate change
may be due to natural internal processes or external forcing, or to persistent anthropogenic
changes in the composition of the atmosphere or in land use.
U.S. Global Change Research Program referred to climate change as a statistically significant
variation in either the mean state of the climate or in its variability, persisting for an extended
period (typically decades or longer). Climate change may be due to natural internal processes or
to external forcing, including changes in solar radiation and volcanic eruptions, or to persistent
humaninduced changes in atmospheric composition or in land use. (Kenly & Finn, 2013)
Climate change refers to any substantial change in measures of climate (such as temperature and
precipitation) lasting for an extended period (decades or longer). Climate change may result from
natural factors and processes or from human activities.( Dallas, 2015)
Despite the multiplicity of these definitions, there is a common factor which is approved
variation in climate elements. These variations are proved at a significant level of 5%. The
clearest evidence for surface warming comes from widespread thermometer records. In some
places, these records extend back to the late 19 century. Today, temperatures are monitored at
many thousands of locations, over both the land and ocean surface. Indirect estimates of
temperature change from such sources as tree rings and ice cores help to place recent
temperature changes in the context of the past. In terms of the average surface temperature of
Earth, these indirect estimates show that 1983 to 2012 was probably the warmest 30-year period
in more than 800 years. ( Stocker & IPCC, 2014)
4.4 Is there human fingerprints on climate change?
Recent climate change is largely caused by human, scientists know that recent climate change is
largely caused by human activities from an understanding of basic physics, comparing
observations with models, and fingerprinting the detailed patterns of climate change caused by
different human and natural influences. These human effects are attributed CO2 as a result to
combustion of fossil fuels. In nature, CO2 is exchanged continually between the atmosphere,
plants and animals through photosynthesis, respiration, and decomposition, and between the
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atmosphere and ocean through gas exchange. These continuous exchange known as the natural
carbon cycle. The additional CO2 from fossil fuel burning and deforestation has disturbed the
balance of the carbon cycle, because the natural processes that could restore the balance are too
slow compared to the rates at which human activities are adding CO to the atmosphere. As a
result, a substantial fraction of the CO2 emitted from human activities accumulates in the
atmosphere, where some of it will remain not just for decades or centuries, but for thousands of
years.
The observed global surface temperature rise since 1900 is consistent with detailed calculations
of the impacts of the observed increase in atmospheric CO2 (and other human-induced changes)
on Earth’s energy balance. Since the mid-1800s, scientists have known that CO2 is one of the
main greenhouse gases of importance to Earth’s energy balance. Direct measurements of CO2 in
the atmosphere and in air trapped in ice show that atmospheric CO2 increased by about 40%
from 1800 to 2012 (Intergovernmental Panel on Climate Change, 2014). Measurements of
different forms of carbon (isotopes) reveal that this increase is due to human activities and other
greenhouse gases (notably methane and nitrous oxide) are also increasing as a consequence of
human activities.
CO2 emissions from fossil fuel burning are virtually certain to be the dominant factor
determining CO2 concentrations during the 21st century. (Detailed comparisons of climate model
results with observations suggest that greenhouse gases increases , are probably responsible for
this climate change) (Crowley, 2000). However, there are a number of persistent questions with
respect to these conclusions that involve uncertainties in the level of low frequency variability in
the climate system and whether factors such as an increase in solar irradiance or a reduction in
volcanism might account for a substantial amount of the observed 20th century warming. This
thesis may carry a model with sufficient answer about these questions.
4.4.1 The greenhouse effect
The Sun is the primary source of energy for the Earth’s climate. Satellite observations show that
about 30% of the Sun’s energy that reaches the Earth is reflected back to space by clouds, gases
and small particles in the atmosphere, and by the Earth’s surface. The remainder, about 240
Watts per square metre (W/m2) when averaged over the planet, is absorbed by the atmosphere
and the surface. To balance the absorption of 240 W/m2 from the Sun, the Earth’s surface and
atmosphere must emit the same amount of energy into space; they do so as infrared radiation. On
average the surface emits significantly more than 240 W/m2, but the net effect of absorption and
emission of infrared radiation by atmospheric gases and clouds is to reduce the amount reaching
space until it approximately balances the incoming energy from the Sun. The surface is thus kept
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warmer than it otherwise would be because, in addition to the energy it receives from the Sun, it
also receives infrared energy emitted by the atmosphere. The warming that results from this
infrared energy is known as the greenhouse effect. Measurements from the surface, research
aircraft and satellites, together with laboratory observations and calculations, show that, in
addition to clouds, the two gases making the largest contribution to the greenhouse effect are
water vapour followed by carbon dioxide (CO2). There are smaller contributions from many
other gases including ozone, methane, nitrous oxide and human-made gases such as CFCs
(chlorofluorocarbons).
We must make distinguish between two eﬀects which together largely determine global
warming. First, the concentrations of carbon dioxide (CO2) and other ‘greenhouse gases’ have
increased.

For example,

the amount of CO2 in the atmosphere has increased by about

36% between 1750 and 2005 (Solomon et al, 2007). These greenhouse gases act as a
blanket, thus contributing to global warming.. Because of the long lifetime of CO2 in the
atmosphere, the greenhouse eﬀect is global.
The second eﬀect, not as well known by the general public, is the solar radiation eﬀect.
Pollution consists, in part, of small particles, called ‘aerosols’, which reﬂect and absorb
sunlight in the atmosphere and make clouds more reﬂective. More aerosols implies that less
sunlight reaches the Earth. (Eggleton, 2013). Global dimming varies in time and location. The
term ‘global’ in ‘global dimming’ is somewhat misleading, because it refers to the sum of
diﬀuse and direct solar radiation (global radiation), and not to a global scale of the
phenomenon (Wild, 2009). In fact, dimming is primarily a local or regional eﬀect, because
aerosols have a short lifetime (about one week) in contrast to greenhouse gases which have a
lifetime of up to 100 years (Kaufman, et al., 2002). As a result of the dimming the Earth
becomes cooler.
4.4.2 The Carbon Dioxide and Climate Change
Most of the carbon in the earth’s atmosphere is in the form of carbon dioxide and methane
(CH4). Both carbon dioxide and methane are important “greenhouse gases.” Along with water
vapor, and other “radiatively active” gases in the atmosphere, they absorb heat radiated from the
earth’s surface, heat that would otherwise be lost into space. As a result, these gases help warm
the earth’s atmosphere. Rising concentrations of atmospheric carbon dioxide and other
greenhouse gases can alter the earth’s radiant energy balance. The earth’s energy budget
determines the global circulation of heat and water through the atmosphere and the patterns of
temperature and precipitation we experience as weather and climate. Thus, the human
disturbance of the earth’s global carbon cycle during the Industrial era and the resulting
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imbalance in the earth’s carbon budget and buildup of carbon dioxide in the atmosphere have
consequences for climate and climate change. According to the Strategic Plan of the U.S.
Climate Change Science Program, carbon dioxide is the largest single forcing agent of climate
change (Advancing the science of climate change, 2010).
4.5 Mechanisms of global climate change
Once a climate forcing mechanism has initiated a climate response, this climate change can lead
to further changes; for example, in response to a warming, the amount of water vapour is
expected to increase, the extent of snow and ice is expected to decrease, and the amount and
properties of clouds could also change. Such changes can further modify the amount of energy
absorbed from the Sun, or the amount of energy emitted by the Earth and its atmosphere, and
lead to either a reduction or amplification of climate change.
The overall effect of the changes resulting from climate forcing determine a key characteristic of
the climate system, known as the “climate sensitivity” – this is the amount of climate change
caused by a given amount of climate forcing. It is often quoted as the temperature change that
eventually results from a doubling in CO2 concentrations since pre-industrial times, and is
calculated to cause a climate forcing of about 3.6 W/m2 (Dauncey, 2009). The nature of the
climate system is determined by interactions between the moving atmosphere and oceans, the
land surface, the living world and the frozen world. Since variations in climate can result from
both climate forcing and internal climate variability, the detection of forced climate change in
observations is not always straightforward. Furthermore, the detection of climate change in
observations, beyond the expected internal climate variability, is not the same as the attribution
of that change to a particular cause or causes. Attribution requires additional evidence to provide
a quantitative link between the proposed cause and the observed climate change. For this reason
panel data analysis may play an important role in climate data analysis.
4.6 Sun activity and global warming
Solar activity, together with human activity, is considered a possible factor for the global
warming observed in the last century. However, in the last decades solar activity has remained
more or less constant while surface air temperature has continued to increase, which is
interpreted as an evidence that in this period human activity is the main factor for global
warming. We will use the index commonly used for quantifying long-term changes in solar
activity, which known as the sunspot number.
Sunspots are temporary phenomena on the Sun's surface that appear as spots darker than the
surrounding areas. They are regions of reduced surface temperature caused by concentrations
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of magnetic field flux that inhibit convection. Their number varies according to the
approximately 11-year solar cycle (Alvarez, 2017).

4.7 Climate system models (National Research Council, 2001).
Climate system models are an important tool for interpreting observations and assessing
hypothetical futures. They are mathematical computer-based expressions of the thermodynamics,
fluid motions, chemical reactions, and radiative transfer of Earth climate that are as
comprehensive as allowed by computational feasibility and by scientific understanding of their
formulation. Their purpose is to calculate the evolving state of the global atmosphere, ocean,
land surface, and sea ice in response to external forcings of both natural causes (such as solar and
volcanic) and human causes (such as emissions and land uses), given geography and initial
material compositions. Such models have been in use for several decades. They are continually
improved to increase their comprehensiveness with respect to spatial resolution, temporal
duration, biogeochemical complexity, and representation of important effects of processes that
cannot practically be calculated on the global scale (such as clouds and turbulent mixing).
Formulating, constructing, and using such models and analyzing, assessing, and interpreting their
answers make climate system models large and expensive enterprises. For this reason, they are
often associated, at least in part, with national laboratories. The rapid increase over recent
decades in available computational speed and power offers opportunities for more elaborate,
more realistic models, but requires regular upgrading of the basic computers to avoid
obsolescence.
Climate models calculate outcomes after taking into account the great number of climate
variables and the complex interactions inherent in the climate system. Their purpose is the
creation of a synthetic reality that can be compared with the observed reality, subject to
appropriate averaging of the measurements. Thus, such models can be evaluated through
comparison with observations, provided that suitable observations exist. Furthermore, model
solutions can be diagnosed to assess contributing causes of particular phenomena. Because
climate is uncontrollable (albeit influenceable by humans), the models are the only available
experimental laboratory for climate. They also are the appropriate high-end tool for forecasting
hypothetical climates in the years and centuries ahead. However, climate models are imperfect.
Their simulation skill is limited by uncertainties in their formulation, the limited size of their
calculations, and the difficulty of interpreting their answers that exhibit almost as much
complexity as in nature. The main goal of this thesis, is to workout a simpler alternative, and less
expensive model using panel data analysis.
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4.8 Summary
Global warming is our case study, we present in a simplified way the phenomenon of climate
change, and discussed the human fingerprints on climate change and some related concepts as .
climate change definitions, The greenhouse effect, solar activity and climate system models. We
illustrated the mechanisms of global climate change and factors believed to be the cause of
climate change like carbon dioxide emissions and sun activity.
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CHAPTER FIVE
CASE STUDY
5.1 Introduction
In this chapter, we analyze a real dataset on related climate change variables. Carbon dioxide,
temperature scale, sun activity. This data collected from many official organizations and
institutes in many countries and were composed of many variables for thirty countries in the time
period (1960-2013). The purpose is to apply the panel data analysis technics on the data. We
start with describing the variables included in the data, using some descriptive statistics and
illustrate some of important features in the data. Later, we are going to analyze this climate
change dataset using panel analysis in order to fit a linear model, which can give best description
for climate change factors. Some variables in this dataset is a period individual-invariant that
are the same for all cross-sectional units (countries) at a given point in time but that vary through
time while other are individual time-varying variables that vary across cross-sectional units at a
given point in time and also exhibit variations through time. The main purpose of this chapter to
apply linear panel model technics on our data, we will find the best model, fixed, random or
pooled. Temperatures is the most significant factor in climate change, so that temperature is the
dependent variable while other variables will be explorers. Which of these linear models will
explain the greatest variance. Of course, the basic assumption in this thesis is that the linear
model will represent appropriately our climate data set. The independent variable is the
temperature anomalies( with respect to certain interval ) for thirty countries . The dependent
variables are global carbon dioxide emissions, individual carbon dioxide emissions for each
country, global annual temperature anomalies and the sun spot number which represent the solar
activity. The data set falls within the period from 1960 to 2013 and the countries that have high
rates of emissions have been selected, in an attempt to demonstrate the impact of these
emissions. These data set has no missing observations, so we have balance panel data.
5.2 Data description
The data used in this study were obtained from many official websites specialized in the study of
climate change. the temperature anomalies for thirty countries were taken from (berkeleyearth.org).
Berkeley Earth is a Berkeley, California based independent non-profit focused on land
temperature data analysis for climate science. Berkeley Earth was founded in early 2010,
originally called the Berkeley earth surface temperature project with the goal of addressing the
major concerns from outside the scientific community regarding global warming and
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the instrumental temperature record. The total global carbon dioxide emissions and global
temperature anomalies are available on (cdiac.ess-dive.lbl.gov). The Carbon Dioxide
Information Analysis Center (CDIAC) is an organization within the United States Department of
Energy that had the primary responsibility for providing the US government and research
community with global warming data and analysis as it pertains to energy issues. The CDIAC,
and its subsidiary the world data center for atmospheric trace gases, focused on obtaining,
evaluating and distributing data related to climate change and greenhouse gas emissions. The sun
spot number series was taken from (sidc.be/silso/home) world data center for the production,
preservation and dissemination of the international sunspot number. Individual carbon dioxide
emission for each country is available on (www.globalcarbonatlas.org). The Global Carbon Atlas
is a platform to explore and visualize the most up-to-date data on carbon fluxes resulting from
human activities and natural processes.
Table (5.1): The data variable names and levels
Variable code

Labels

Levels

Glb_co2

Global carbon dioxide emissions

Quantitative

Ind_co2

Individual carbon dioxide emissions

Quantitative

Sun_spt

Sun spot numbers

Quantitative

Glb_tem

Ind_tem

Global annual temperature anomalies
variable

Individual tem. Anomalies
as independent variable
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Quantitative

Quantitative

The data consist of five variables, all of them are time variant variables, but three of this
variables are period individual-invariant variables. Here we mean global variables, which is the
same time series for all individuals. While the other variables are individual time-varying
variables, variables that vary across cross-sectional units at a given point in time and also exhibit
variations through time. Here we have time series for each individual
Table 5.2 Descriptive statistics for variables
Des. Stat.

Sun_spt

Ind_co2

Ind_tem

Glb_co2

Glb_tem

Mean

90.04815

569.2568

0.376075

938.5556

0.166

Median

78.6

226.3803

0.318958

863.5

0.1305

Maximum

220.1

10249.62

3.029583

1806

0.559

Minimum

4.2

2.6747

-1.9

227

-0.24

Std. Dev.

64.43984

1126.467

0.641721

453.6013

0.235779

Skewness

0.473438

4.204094

0.217203

0.232309

0.153757

Kurtosis

1.993809

23.79625

3.549953

1.954113

1.810123

Jarque-Bera

128.8573

33964.75

33.15302

88.40804

101.9502

P-Value

0

0

0

0

0

Sum

145878

922196

609.2409

1520460

268.92

Sum Sq. Dev.

6722887

2.053409

666.7128

3.333508

90.0033

Observations

1620

1620

1620

1620

1620

This table 5.2 shows the basic descriptive statistics for our variables, mean, maximum value,
minimum value, median, standard deviation and others, all this statistics obtained at
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p-value 0.000. Note we have 1620 observation (30 × 54), 30 countries with 54 time periods for
each, which reflect one of the main advantage of panel data.
The next figures provide some graphical representation for these variables with descriptive
statistics, we adopt combined cross sections for panel options.
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Fig.5.1 Global carbon dioxide emissions
This figure 5.1 show the upward trend in the amount of global carbon emissions during all the
time period. This upward trend can explained as a result of increased industrial activity
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Fig. 5.2 Global temperature anomalies
It is clear from the figure 5.2 that temperature anomalies take an upward trend above average in
the period from 1959 to 2013, which give an initial impression of increasing global temperature,
this figure is the best evidence for global warming phenomena. We research for a significant
relation between this upward trend and our explanatory variables.

- 74 -

240

200

160

120

80

40

0
60

65

70

75

80

85

90

95

00

05

10

Fig. 5.3 Sun spot number
Illustrated from this figure 5.3, sun activity has 12 years periodic trend, which is scientifically
known. However, even this periodic trend, panel data has no problem to detect sun active role in
climate warming.
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Fig.5.4 Individual temperature anomalies.
In this figure 5.4 each country has its own temperature anomalies, visible to eye, most countries
have upward trend for temperature anomalies. Panel analysis, will take in consideration
heterogeneity between this individuals.
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Fig. 5.5 Individuals temperature anomalies (stack cross sections)
Stack cross section, in this figure 5.5 all observation gathered in one time series, begun from
Algeria to Uzbekistan, this order was taken randomly, it also show upward trend for temperature
anomalies.
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Fig. 5.6 Individual temperature anomalies (combined cross sections)
In this figure 5.6 all individual series combined together, here we have 30 time series, one for
each individual , using naked eye, we can detect upward trend for the combined series.
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Fig. 5.7 Individual carbon dioxide emissions (stack cross sections)
This figure shows carbon dioxide emissions for each country, some countries like China, USA,
Russia, have sharp increase during our period( 1959-2013), of course they are industrialized
countries.
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Fig. 5.8 Individual carbon dioxide emissions (combined cross sections)
In this figure, carbon dioxide emissions are combined together, this figure can show clearly the
heterogeneity among our individuals(countries). This variation may explain the missing of
homogeneity assumption.
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5.3 Panel data analysis
Panel data models examine cross-sectional (group) and/or time-series (time) effects. These
effects may be fixed and/or random. Fixed effects assume that individual group/time have
different intercept in the regression equation, while random effects hypothesize individual
group/time have different disturbance. When the type of effects (group versus time) and property
of effects (fixed versus random) combined, there are several specific models: fixed group effect
model (one-way), fixed time effect model (one-way), fixed group and time effect model (twoway), random group effect model (one-way), random time effect (one-way), and random group
and time effect model (two-way). As a result, we have to select one specific model. Presenting
all possible models sounds quite absurd, if one model is right, the other models are wrong.
In order to determine our model, we conduct necessary tests: F test for the fixed effect model and
Breusch-Pagan Lagrange Multiplier (LM) test. Hausman test is needed if we find both fixed and
random effects. Our study deal with group effect only (one way), this group effect may be fixed
or random. And as we mentioned before, the right model supposed to be linear model. According
to this view we have three linear panel models, we will conduct each model separately, with
special tests to ensure matching data for its assumptions. Then, using some tests we will make a
comparison to show which models are best.
The first model in our analysis is pooled model. Although , pooled model assume there is no
specific individual difference, it can produce more degree of freedom (𝑁𝑇) observations. Add to
this, we need pooled model results as a basis for examining the fixed effect existence. We would
like to point out that the Eviews is the adopted package in this thesis.
5.4 Pooled model with ordinary estimation method
In this case we have constant parameter for each dependent variable and constant intersection in
the model (overall constant in the model). Firstly, we will make pooled model using ordinary
least square estimation method, this model may suffer from auto correlation, heteroskedasticity
or both together. Eviews give many estimating options for panel data, panel least square method
least square and auto regression (LS&AR) is the default method. The next step is selecting panel
options, effect specification (cross section or time period), fixed or random for each
specification. It also offer GLS weights and coefficient covariance method.
Here we want to make pooled model, so we select no effect specification, no GLS weights and
ordinary coefficient covariance method.
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Estimation Command:
=========================
LS IND_TEM GLOBA_CO2 GLO_TEM IND_CO2 SUN_SPOT C
Estimation Equation:
=========================
IND_TEM = C(1)*GLOBA_CO2 + C(2)*GLO_TEM + C(3)*IND_CO2 + C(4)*SUN_SPOT + C(5)
Substituted Coefficients:
=========================
IND_TEM = 9.69804245757e-05*GLOBA_CO2 + 1.4930545113*GLO_TEM - 1.94773774251e-06*IND_CO2 +
0.000228860821967*SUN_SPOT + 0.0177063101708

Table (5.3): Ordinary estimation output (pooled model)
Dependent Variable: IND_TEM
Method: Panel Least Squares
Date: 03/25/18 Time: 13:49
Sample: 1960 2013
Periods included: 54
Cross-sections included: 30
Total panel (balanced) observations: 1620
Variable

Coefficient

Std. Error

t-Statistic

Prob.

GLOBA_CO2
GLO_TEM
IND_CO2
SUN_SPOT
C

9.70E-05
1.493055
-1.95E-06
0.000229
0.017706

6.28E-05
0.119511
1.14E-05
0.000201
0.050644

1.543726
12.49304
-0.170630
1.139566
0.349625

0.1229
0.0000
0.8645
0.2546
0.7267

R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob(F-statistic)

0.371062
0.369504
0.509550
419.3210
-1203.929
238.2052
0.000000

Mean dependent var
S.D. dependent var
Akaike info criterion
Schwarz criterion
Hannan-Quinn criter.
Durbin-Watson stat

0.376075
0.641721
1.492505
1.509142
1.498679
1.691396

Table 5.3, the output table for pooled model, with ordinary estimation method. From our four
dependent variable, we have only one significant variable in the regression which is the global
temperature. With R-squared (0.37106) this model can explain only 37.1 % of the variance in the
dependent variable. Durbin-Watson stat (1.7) gives no serial correlation . we can use residual
diagnostics tests to give more logical decisions. However, this model assume all individuals are
homogenous, we insert this model, to illustrate the preference of panel data.
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Fig.5.9 Actual and fitted residual (pooled model with ordinary estimation)
According to this figure, we have no systematic trend for the residuals, which gives a good initial
impression, but the actual variance is not constant for all individuals, which means there is
heteroskedasticity, however, fitted residuals is a good solution.
400

Series: Standardized Residuals
Sample 1960 2013
Observations 1620
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Fig. 5.10 Histogram of standardized residuals(normality test)
According to the normality test, P-value (0.000) we reject the null hypothesis of Jarque-Bera test
(the standardized residuals has normal distribution), which adds a bit of uncertainty about pooled
model. As well, we can use Breusch-Pagan test to detect cross-section dependence (correlation)
in residuals.
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The Jarque–Bera test is a goodness-of-fit test of whether sample data have the skewness and
kurtosis matching a normal distribution. The test statistic JB is defined as

where n is the number of observations (or degrees of freedom in general); 𝑆 is the sample
skewness, 𝐶 is the sample kurtosis, and 𝑘 is the number of regressors:

Where 𝜇̂ 3 and 𝜇̂ 4 are the estimates of third and fourth central moments, respectively, 𝑥̅ is the
sample mean, and 𝜎̂ 2 is the estimate of the second central moment, the variance. If the data
comes from a normal distribution, the JB statistic asymptotically has a chi-squared distribution
with two degrees of freedom, so the statistic can be used to test the hypothesis that the data are
from a normal distribution. The null hypothesis is a joint hypothesis of the skewness being zero
and the excess kurtosis being zero. Samples from a normal distribution have an expected
skewness of 0 and an expected excess kurtosis of 0 (Weisberg, 2014).

Table (5.4): Residual cross-section dependence Test(Ordinary least square estimation)
Null hypothesis: No cross-section dependence (correlation) in residuals
Equation: Untitled
Periods included: 54
Cross-sections included: 30
Total panel observations: 1620
Test
Breusch-Pagan LM
Pesaran scaled LM
Pesaran CD

Statistic

d.f.

Prob.

2231.742
59.89815
8.331613

435

0.0000
0.0000
0.0000

Table (5.4) show with P-value (0.000) from Breusch-Pagan test, we reject the null hypothesis, so
we have cross-section dependence (correlation) in residuals. This type of correlation can make
unconfident results. Conclusion, this model and these results do not represent the most efficient
model. After all, these results can be improved, using the generalized least square method. This
method has robust technics, which can overcome the problem of serial correlation and
heteroskedasticity.
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5.5 Pooled model with generalized least square estimation method
We can make pooled model with more advanced technics, the pooled model is still based but
with different estimation method. Here we use GLS estimation for pooled model, there is no
specific effect included, but we give cross sectional weight
Estimation Command:
=========================
LS(WGT=CXDIAG) IND_TEM GLOBA_CO2 GLO_TEM IND_CO2 SUN_SPOT C
Estimation Equation:
=========================
IND_TEM = C(1)*GLOBA_CO2 + C(2)*GLO_TEM + C(3)*IND_CO2 + C(4)*SUN_SPOT + C(5)
Substituted Coefficients:
=========================
IND_TEM = 6.00619952544e-06*GLOBA_CO2 + 1.47221701936*GLO_TEM + 5.20864933901e-06*IND_CO2 6.44168900798e-05*SUN_SPOT + 0.0822246270815

Table(5.5): GLS estimation output (pooled model)
Dependent Variable: IND_TEM
Method: Panel EGLS (Cross-section weights)
Date: 03/27/18 Time: 17:50
Sample: 1960 2013
Periods included: 54
Cross-sections included: 30
Total panel (balanced) observations: 1620
Linear estimation after one-step weighting matrix
Variable

Coefficient

Std. Error

t-Statistic

Prob.

GLOBA_CO2
GLO_TEM
IND_CO2
SUN_SPOT
C

6.01E-06
1.472217
5.21E-06
-6.44E-05
0.082225

4.60E-05
0.087391
6.15E-06
0.000147
0.037019

0.130490
16.84624
0.847600
-0.438580
2.221127

0.8962
0.0000
0.3968
0.6610
0.0265

Weighted Statistics
R-squared
Adjusted R-squared
S.E. of regression
F-statistic
Prob(F-statistic)

0.471430
0.470121
0.502017
360.1031
0.000000

Mean dependent var
S.D. dependent var
Sum squared resid
Durbin-Watson stat

0.436857
0.695010
407.0146
1.587749

Unweighted Statistics
R-squared
Sum squared resid

0.360471
426.3820

Mean dependent var
Durbin-Watson stat

0.376075
1.664221

Table (5.5) show the output for the pooled model, but with more advanced estimation method,
the GLS method. Compared to the result in table (5.4), we get more R-square with (0.471) and
Durbin-Watson stat (1.66) give no serial correlation. The only significant independent variable in
this model is global temperature anomalies (GLO-TEM). This result suggest a lack of
confidence, because the previews model gave different significant variables.
However, we can make some tests to ensure if the pooled model is sufficient, if not then we have
to include specific effect to the model. In this case, pooled model is not the appropriate model.
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Fitted

Fig.5.11 Actual and fitted residual (Pooled model with GLS estimation)

Figure 5.11 give the initial impression, it can be said that there is no systematic form for these
residuals, and the variance for fitted residuals is constant for all individuals.
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Fig. 5.12 Histogram of standardized residuals for GLS estimation(normality test)
With P-valu (0.553) we accept the null hypothesis of Jarque-Bera test (the standardized residuals
has normal distribution), which add an amount of confidence to the model. Eviews introduce
Breusch-Pagan LM test to detect residual cross sectional dependence.
Table (5.6): Residual cross-section dependence Test(GLS estimation for pooled model)
Residual Cross-Section Dependence Test
Null hypothesis: No cross-section dependence (correlation) in weighted
Residuals
Equation: Untitled
Periods included: 54
Cross-sections included: 30
Total panel observations: 1620
Cross-section means were removed during computation of correlations
Test

Statistic

Breusch-Pagan LM
Pesaran CD

17.98283
-0.426036

d.f.

Prob.

435

0.9999
0.6701

Table (5.5) show the result for residual cross-section dependence, the null hypothesis suppose
there is no cross-section dependence (correlation) in weighted residuals. With P-value (0.99) we
accept the null hypothesis which add more confidence to the model. This result differ from the
result in table (5.4), here we add more sufficient results using GLS estimation.
However, pooled model suppose there is no specific effect which neglect the heterogeneity.
Using panel models, random or fixed effect, we can research for this specific effects. In Eviews,
lagrange multiplier tests for random effects can used for this purpose. Breusch-Pagan Test can
be considered as testing for the presence of an unobserved effect. If the standard random effects
assumptions hold but the model does not actually contain an unobserved effect, pooled OLS
is efficient and all associated pooled OLS statistics are asymptotically valid. The absence of an
unobserved effect is statistically equivalent to H0 : σ2 α = 0 ( Wooldridge, 2002). That is, under
the null hypothesis, we do not have to account for subject specific effects.

- 84 -

Table (5.7): Individual specific effect test
Lagrange Multiplier Tests for Random Effects
Null hypotheses: No effects
Alternative hypotheses: Two-sided (Breusch-Pagan) and one-sided
(all others) alternatives

Cross-section

Test Hypothesis
Time

Both

Breusch-Pagan

131.2397
(0.0000)

84.99417
(0.0000)

216.2339
(0.0000)

Honda

11.45599
(0.0000)

9.219228
(0.0000)

14.61959
(0.0000)

King-Wu

11.45599
(0.0000)

9.219228
(0.0000)

14.69269
(0.0000)

Standardized Honda

12.04327
(0.0000)

9.935333
(0.0000)

8.933518
(0.0000)

Standardized King-Wu

Gourierioux, et al.*

12.04327
(0.0000)

9.935333
(0.0000)

9.203158
(0.0000)

--

--

216.2339
(< 0.01)

*Mixed chi-square asymptotic critical values:
1%
7.289
5%
4.321
10%
2.952

According to table (5.7) all these tests conclude with confidence, there are specific effect and
they must be included in the correct model. As a final result, pooled model will come out of
accounts, so that we will make both of random and fixed effect models.
5.6 Random effect model with generalized least square estimation method
In GLS estimation, eviews introduce many options for GLS weights. We may choose to estimate
with no weighting, or with cross-section weights, cross-section SUR(seemingly unrelated
regression), period weights, period SUR. The cross-section SUR setting allows for
contemporaneous correlation between cross-sections (clustering by period), while the period
SUR allows for general correlation of residuals across periods for a specific cross-section
(clustering by individual). Cross-section weights and period weights allow for heteroskedasticity
in the relevant dimension. For example, if we select cross section weights, eviews will estimate a
feasible GLS specification assuming the presence of cross-section heteroskedasticity. If we
select cross-section SUR, Eviews estimates a feasible GLS specification correcting for
heteroskedasticity and contemporaneous correlation. Similarly, period weights allows for period
heteroskedasticity, while period SUR corrects for heteroskedasticity and general correlation of
observations within a cross-section (Startz, 2015). Because we are interested in cross section (not
period) specification, the appropriate option in our case is cross section SUR.
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Estimation Command:
=========================
LS(CX=R, COV=CXSUR) IND_TEM GLOBA_CO2 GLO_TEM IND_CO2 SUN_SPOT C
Estimation Equation:
=========================
IND_TEM = C(1)*GLOBA_CO2 + C(2)*GLO_TEM + C(3)*IND_CO2 + C(4)*SUN_SPOT + C(5) + [CX=R]
Substituted Coefficients:
=========================
IND_TEM = 0.000103117300483*GLOBA_CO2 + 1.49166852506*GLO_TEM - 1.47257872025e-05*IND_CO2 +
0.000228975880674*SUN_SPOT + 0.0194402152048 + [CX=R]

Table (5.8): GLS estimation output (random effect model)
Dependent Variable: IND_TEM
Method: Panel EGLS (Cross-section random effects)
Date: 03/25/18 Time: 13:55
Sample: 1960 2013
Periods included: 54
Cross-sections included: 30
Total panel (balanced) observations: 1620
Cross-section SUR (PCSE) standard errors & covariance (d.f. corrected)
Variable

Coefficient

Std. Error

t-Statistic

Prob.

GLOBA_CO2
GLO_TEM
IND_CO2
SUN_SPOT
C

0.000103
1.491669
-1.47E-05
0.000229
0.019440

0.000104
0.197856
1.19E-05
0.000333
0.092364

0.988079
7.539164
-1.242260
0.688448
0.210475

0.3233
0.0000
0.2143
0.4913
0.8333

Effects Specification
S.D.
Cross-section random
Idiosyncratic random

0.124832
0.494873

Rho
0.0598
0.9402

Weighted Statistics
R-squared
Adjusted R-squared
S.E. of regression
F-statistic
Prob(F-statistic)

0.384930
0.383407
0.494900
252.6795
0.000000

Mean dependent var
S.D. dependent var
Sum squared resid
Durbin-Watson stat

0.178557
0.630257
395.5552
1.792946

Unweighted Statistics
R-squared
Sum squared resid

0.370574
419.6464

Mean dependent var
Durbin-Watson stat

0.376075
1.690017

Table (5.8) show the output for random effect model, weighted and unweighted
statistics. With weighted estimation, we get bit more R squared(0.38) and more
Durbin-Watson stat(1.79). The global annual temperature anomalies (GLO_TEM) is
only the significant variable.
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Fig.5.13 Actual and fitted residual (random model with GLS estimation)
Figure 5.13 show no systematic behavior for residuals, fitted residuals have nearly constant
variance for all individuals. So there is no heteroskedasticity problem, also we have DurbinWatson stat (1.792946) which means there is no serial correlation. These two points give more
confidence for the model.
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Fig. 5.14 Histogram of standardized residuals for GLS estimation(random effect)
With P-valu (0.000) we reject the null hypothesis of Jarque-Bera test (the standardized residuals
has normal distribution), which make a domination for our assumptions. However, GLS
estimation method can overcome this situation using robust standard errors.
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Table (5.9): Residual cross-section dependence test (random model)
Residual Cross-Section Dependence Test
Null hypothesis: No cross-section dependence (correlation) in residuals
Equation: Untitled
Periods included: 54
Cross-sections included: 30
Total panel observations: 1620
Cross-section means were removed during computation of correlations
Test
Breusch-Pagan LM
Pesaran scaled LM
Pesaran CD

Statistic

d.f.

Prob.

2232.640
59.92861
8.314167

435

0.0000
0.0000
0.0000

Table (5.9) show the result for residual cross-section dependence, the null hypothesis suppose
there is no cross-section dependence (correlation) in weighted residuals. With P-value (0.00) we
reject the null hypothesis. This is a natural result, since we accept the cross sectional
dependence, all individuals have some common dependent variables, like global carbon dioxide,
and global temperature anomalies and sun spot number.
Having established the existence of individual specific effect. The central question remains,
where to add these effect? In random or fixed model. Which of these two models is best? this
shows the importance of Hausman test. The general idea of a Hausman test is that two estimators
are compared: one which is consistent under both the null and alternative hypothesis and one
which is consistent (and typically efﬁcient) under the null hypothesis only. The idea is that
under the hypothesis of no correlation, both OLS in the LSDV model and GLS are consistent,
but OLS is inefficient, whereas under the alternative, OLS is consistent, but GLS is not.
Therefore, under the null hypothesis, the two estimates should not differ systematically,
and a test can be based on the difference.
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Table (5.10): Hausman test
Correlated Random Effects - Hausman Test
Equation: Untitled
Test cross-section random effects
Chi-Sq.
Statistic

Chi-Sq. d.f.

Prob.

8.2600

4

0.0046

Random

Var(Diff.)

Prob.

0.000103
1.491669
-0.000015
0.000229

0.000000
0.000662
0.000000
0.000000

0.6271
0.9396
0.0972
0.9971

Test Summary
Cross-section random

Cross-section random effects test comparisons:
Variable
GLOBA_CO2
GLO_TEM
IND_CO2
SUN_SPOT

Fixed
0.000112
1.489719
-0.000033
0.000229

Cross-section random effects test equation:
Dependent Variable: IND_TEM
Method: Panel Least Squares
Date: 03/25/18 Time: 14:03
Sample: 1960 2013
Periods included: 54
Cross-sections included: 30
Total panel (balanced) observations: 1620
Cross-section SUR (PCSE) standard errors & covariance (d.f. corrected)
Variable

Coefficient

Std. Error

t-Statistic

Prob.

C
GLOBA_CO2
GLO_TEM
IND_CO2
SUN_SPOT

0.021879
0.000112
1.489719
-3.27E-05
0.000229

0.084227
0.000106
0.199522
1.61E-05
0.000335

0.259759
1.055594
7.466449
-2.035853
0.683017

0.7951
0.2913
0.0000
0.0419
0.4947

Effects Specification
Cross-section fixed (dummy variables)
R-squared
Adjusted R-squared
S.E. of regression
Sum squared resid
Log likelihood
F-statistic
Prob(F-statistic)

0.417424
0.405303
0.494873
388.4107
-1141.905
34.43614
0.000000

Mean dependent var
S.D. dependent var
Akaike info criterion
Schwarz criterion
Hannan-Quinn criter.
Durbin-Watson stat

0.376075
0.641721
1.451734
1.564862
1.493716
1.825833

The null hypothesis for Husman test is H0 : the individual effects are random, form table (5.10)
we rejecting the null hypothesis, specific effects are not random, allow us to conduct fixed effect
model with the conviction that it is the most appropriate model. So we have to make the fixed
effect model as the best model.
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5.7 Fixed effect model with generalized least square estimation method
In this model, although the intercept may differ across individuals, each individual’s intercept
does not vary over time, that is, it is time invariant. It should be noted that the term “ﬁxed” as
used here signiﬁes the correlation of omitted variable and the independent variables, and it has
nothing to do with fixed value, 𝛼𝑖 is a random variable. Fixed effects regressions are very
important because data often fall into categories such as countries, families, etc. When we have
data that fall into such categories, we will normally want to control for characteristics of those
categories that might affect the dependent variable. Unfortunately, we can never be certain that
we have all the relevant control variables, so if we estimate with OLS, we will have to worry
about unobservable factors that are correlated with the variables that we included in the
regression. Omitted variable bias would result. If we believe that these unobservable factors are
time-invariant, then fixed effects regression will eliminate omitted variable bias. However, GLS
estimation can deal with all probable problems.
Estimation Command:
=========================
LS(CX=F, WGT=CXSUR, COV=CXSUR) IND_TEM GLOBA_CO2 GLO_TEM IND_CO2 SUN_SPOT C
Estimation Equation:
=========================
IND_TEM = C(1)*GLOBA_CO2 + C(2)*GLO_TEM + C(3)*IND_CO2 + C(4)*SUN_SPOT + C(5) + [CX=F]
Substituted Coefficients:
=========================
IND_TEM = 7.28732079166e-05*GLOBA_CO2 + 1.50727471966*GLO_TEM - 2.59217669827e-05*IND_CO2 +
1.239038759e-06*SUN_SPOT + 0.0721160161314 + [CX=F]

Table (5.11): GLS estimation output (fixed effect model)
Dependent Variable: IND_TEM
Method: Panel EGLS (Cross-section SUR)
Date: 03/26/18 Time: 12:52
Sample: 1960 2013
Periods included: 54
Cross-sections included: 30
Total panel (balanced) observations: 1620
Linear estimation after one-step weighting matrix
Cross-section SUR (PCSE) standard errors & covariance (d.f. corrected)
Variable

Coefficient

Std. Error

t-Statistic

Prob.

GLOBA_CO2
GLO_TEM
IND_CO2
SUN_SPOT
C

7.29E-05
1.507275
-2.59E-05
1.24E-06
0.072116

3.25E-05
0.062017
5.76E-06
0.000104
0.026349

2.242737
24.30425
-4.502973
0.011888
2.736971

0.0251
0.0000
0.0000
0.9905
0.0063

Effects Specification
Cross-section fixed (dummy variables)
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Table(5.11):continued
Weighted Statistics
R-squared
Adjusted R-squared
S.E. of regression
F-statistic
Prob(F-statistic)

0.663577
0.656577
1.008090
94.79717
0.000000

Mean dependent var
S.D. dependent var
Sum squared resid
Durbin-Watson stat

0.919348
1.970892
1611.764
1.910291

Unweighted Statistics
R-squared
Sum squared resid

0.416613
388.9513

Mean dependent var
Durbin-Watson stat

0.376075
1.824564

Table (5.11) show the output for the fixed effect model, comparing this results with random
effect model in table(5.8), we get more R-square(0.664), and more Durbin-Watson stat (1.9)
which confirm the absence of serial correlation. The only insignificant variable is sun activity,
while all other independent variables are significant, global carbon dioxide emissions, local
carbon dioxide emissions and the constant factor. Overall, these results give preference to this
model.
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GREECE - 78
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INDONESIA - 70
IRAN - 66
ITALY - 62
ITALY - 12
JAPAN - 08
KAZAKHSTAN - 04
MEXICO - 00
NIGERIA - 96
NORTH_KOREA - 92
PAKISTAN - 88
POLAND - 84
RUSSIAN_FEDERATION - 80
SAUDI_ARABIA - 76
SOUTH_AFRICA - 72
SOUTH_KOREA - 68
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THAILAND - 60
THAILAND - 10
TURKEY - 06
UKRAINE - 02
USA - 98
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-3

Residual

Actual
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Fig.5.15 Actual and fitted residual (fixed effect model with GLS estimation)
Figure 5.15 show no systematic behavior for residuals, fitted residuals have nearly constant
variance for all individuals. So there is no heteroskedasticity problem, also we have DurbinWatson stat (1.91) which means there is no serial correlation. These two points give more
confidence for the model.
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200

Series: Standardized Residuals
Sample 1960 2013
Observations 1620

160

Mean
Median
Maximum
Minimum
Std. Dev.
Skewness
Kurtosis

120

80

5.87e-17
-0.004819
3.436472
-3.270457
0.997763
0.082107
2.961676

40

Jarque-Bera
Probability

1.919342
0.383019

0
-3

-2

-1

0

1

2

3

Fig. 5.16 Histogram of standardized residuals for GLS estimation( Fixed effect)
With P-valu (0.383) we accept the null hypothesis of Jarque-Bera test (the standardized
residuals has normal distribution), which add an amount of confidence to the model.
For more confidence, Eviews provides redundant fixed effects tests, which is simply an F-test if
all dummies are equal to zero. The null hypothesis is that all individual specific effect are zero.

Table (5.12): Fixed effect tests
Redundant Fixed Effects Tests
Equation: Untitled
Test cross-section fixed effects
Effects Test

Statistic

Cross-section F

4.157411

d.f.

Prob.

(29,1586)

0.0000

Table (5.12) show the result for redundant fixed effects test, here we get p-value (0.000), we can
reject the null hypothesis and accept the alternative hypothesis, at least one of the specific
individual effect is not zero.
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̂ 𝒊 are as shown in the following table.
Finally, the individual estimated fixed effects 𝜶
̂𝒊)
Table (5.13): Estimated fixed effect ( 𝜶
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30

COUNTRY
ALGERIA
BRAZIL
CANADA
CHINA
EGYPT
FINLAND
FRANCE
GERMANY
GREECE
INDIA
INDONESIA
IRAN
ITALY
JAPAN
KAZAKHSTAN
MEXICO
NIGERIA
NORTH_KOREA
PAKISTAN
POLAND
RUSSIAN_FEDERATION
SAUDI_ARABIA
SOUTH_AFRICA
SOUTH_KOREA
SPAIN
THAILAND
TURKEY
UKRAINE
USA
UZBEKISTAN

Effect
0.079736
-0.078852
0.128058
0.046509
-0.164171
0.079046
0.072379
0.090963
-0.160014
-0.192989
-0.192721
0.146693
0.037243
-0.144053
0.246564
-0.209294
-0.081361
0.053317
-0.007590
0.119343
0.286424
-0.069055
-0.044251
-0.058851
0.089396
-0.247579
-0.177716
0.074822
0.083902
0.194101

Table (5.13) show the estimated specific effect( fixed effect) for each individual in our data set.
This effect can be explained as a result of combination effect of independent variable and related
omitted variables. We can see countries with positive effect and others with negative.
Finally, the results of our model can be compared with the results of climate change studies, to
clarify the compatibility with these studies. (Stocker, T., & Intergovernmental Panel on Climate
Change, 2014) which is the world body for assessing the science related to climate change, refer
in its sixth assessment report to global warming of 1.5C° above preindustrial levels and related
global greenhouse gas emission. The cumulative greenhouse gas emission, especially CO2 , is
the most causative factor in climate domination. The sun activity cycle did not have any
consideration in its assessment. It also including location divergence in the associated
phenomena. In general, this results agree with our study.
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(Robert, et al., 2006) used recent advances in time series econometrics to estimate the relation
among emissions of CO2 and CH4, the concentration of these gases, and global surface
temperature. Results provide direct evidence for a statistically meaningful relation between green
gas effect and global surface temperature. A simple model based on these results indicates that
greenhouse gases is largely responsible for the change in temperature over the last 130 years.
These results are consistent with our model result. But in our model we have a virtual
contradiction, the local carbon emissions has decreasing effect on the temperature anomalies
while the global carbon emissions has increasing effect. This contradiction can be resolved by
linking local carbon emissions variable with dimming variable in (Müris, 2011), he make a
dynamic panel data model for climate change. He referred to two eﬀects largely determine
global warming, the well-known greenhouse eﬀect and the less well-known dimming effect.
small particles, called aerosols, reﬂect and absorb sunlight in the atmosphere. More pollution(
local CO2 emissions) causes an increase in aerosols, so that less sunlight reaches the earth.
Because of the dimming the earth becomes cooler, which is compatible with our result for local
carbon dioxide emissions. He estimate the parameters using dynamic panel data methods and
decompose the estimated temperature change of 0.73 C°(averaged over the weather stations) into
a greenhouse eﬀect of 1.87 C° a dimming eﬀect of 1.09 C° and a small remainder term.
(Stips , et al., 2016) use a newly developed technique that is based on the information flow
concept to investigate the causal structure between the global radiative forcing and the annual
global mean surface temperature anomalies (GMTA) since 1850. The basic idea in their study, if
information flow or causality is a real physical notion, it should be formulated. They used
advanced multi time series analysis to form a mathematical formula for causality. Their study
unambiguously shows one-way causality between the total Greenhouse Gases and GMTA.
Specifically, it is confirmed that the CO2 is the main causal driver of the recent warming. They
found highly correlation factor (0.83) between CO2 and GMTA series and they calculate the
information flow (IF) in nat (natural unit of information) per unit time [nat/ut] from the 156
years annual time series of global CO2 concentration to GMTA as 0.348 ± 0.112 nat/ut and
−0.006 ± 0.003 nat/ut in the reverse direction. Clearly, the former is significantly different from
zero, while the latter, in comparison to the former, is negligible. In principle, this result
corresponds to our results. We found the global carbon dioxide emissions as a significant
variable with 7.29E-05 coefficient, but the results cannot be compared numerically.
In contrast the causality contribution from solar irradiance (high related variable to sun spot
variable) to the long term trend is not significant. This result corresponds to the result of the
same variable in our study. According to this result, there is no role to the sun activity in the
climate change. Also they found from the spatial explicit analysis that the anthropogenic forcing
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fingerprint is significantly regionally varying. This result corresponds to the nature of our fixed
effect model, every country has its specific effect. In summary, it is difficult in the science of
climate change to compare models, they may be different in there variables, time periods,
measuring unit , regions. But on the whole, all models refer to the significant role of greenhouse
gases in raising atmosphere temperature, while sun activity has no role. Also that the climate
change is significantly regionally varying. And finally, all these models are compatible with our
results.
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CHAPTER SIX
CONCLUSION AND RECOMMENDATIONS
In this study, we analyzed a dataset on the global carbon dioxide emissions, global temperature
anomalies, sun spot number and carbon dioxide emissions from 30 countries, all these
explanatory variables were used to make a linear regression model can used to explain
temperature anomalies. All this variable were collected in the time period from 1960 to 2013.
These data have been collected from official climate research bodies with no missing data, which
make a convenient and reliable balanced panel data set.
The aim goal of the study was to discuss and apply methods of using panel data analysis, to
make a linear panel data model. This model can be used as evidence of the elements influencing
climate changes and estimate the impact of each item separately. To remind, this study is limited
to individual fixed or random effects, without taking into account period effect.
6.1 Conclusion and Results
From the discussion of the previous chapters of this thesis we can state the following results:

1. Linear fixed effect model represent the best model among all other linear model.
2. The linear fixed effect model can explain more than 66% of the variance in the independent
temperature anomalies variable.
3. Global carbon dioxide emissions is significant variable with p- value (0.025) and increasing
effect on temperature anomalies 𝛽𝐺𝐿𝐶𝑂2 = 7.2873E − 05 per million metric ton.
4. Individual carbon dioxide emission is significant variable with p- value (0.000) and
decreasing effect on temperature anomalies 𝛽𝐼𝑁𝐶𝑂2 = 2.59217 − 05 per million metric ton.
5. Sun activity variable(sun spot number) has no significant effect in the model p-value (0.9905).
6. The overall constant in the model is significant p- value (0.0063) with increasing effect on
temperature anomalies 𝑐 = 0.072116 .
7. Each country has its own intercept (𝛼̂𝑖 ), some of them have increasing effect on the
temperature anomalies and the others have decreasing effect.
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8. The global temperature anomalies is significant variable p-value (0.000) with increasing effect
𝛽𝐺𝐿𝑇𝐸𝑀 = 1.507275 . Which means, the individual temperature anomalies are effected by the
overall global temperature anomalies .
9. There is a contradiction between the global carbon dioxide emissions and the individual
carbon dioxide emissions, the first has increasing effect while the other has decreasing effect.
10. The sun activity has no role in the climate change, that mean the change in its periodic
activity doesn't influence the climate change phenomena.
11. Despite the simplicity of statistical methods, compared to computer systems and simulation
software which are used in the study of climate change, statistical methods give acceptable
results with little effort and at lower cost.
6.2 Recommendations
According to the previous results, we can present the following recommendations:
1. It is necessary in future studies to calculate the standard errors and confidence
intervals of the estimated parameters.
2. It is necessary in future studies to add other variables, especially related to clouds and the
amount of solar radiation that reaches the earth.
3. It is necessary in future studies to use the non-linear model, and study the effectiveness and
efficiency of this model.
4. It is necessary in future studies to make the interaction between explanatory variables.
5. It is necessary in future studies to make the period effect, it may represent more knowledge in
this field. It may detect the evolution of changes over time.
6. Government and civil authorities concerned with climate change must provide a quantity of
climate data and make it available to researchers.
7. We would recommend the climate officials to make good and cooperation with researchers.
8. Calls for reduction carbon dioxide emissions should be taken into consideration.
9. Panel data analysis is important and its uses in various fields of science, medicine, pharmacy,
sociology, psychology, econometrics, management and others, must be taught as a course in the
applied statistics curriculum.
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