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About this first course in econometrics

Economists will regularly be confronted with results of quantitative economic research.
Therefore they should have knowledge about quantitative economic methods: they should
know how models arise, what the underlying assumptions are, and in what way estimates
of parameters or other economic quantities are computed. In this book, ‘a first course in
econometrics’ is presented that meets all these requirements. In this course, econometric
theory is combined with econometric practice by showing and exercising its use with
software package EViews.

Basic knowledge of econometric theory is necessary to understand what may (or may
not) be done in applied quantitative economic research. It is not imperative that students
can prove all the underlying statistical theorems that are necessary to derive estimators and
statistics. In other words, the aim of this econometrics course is to make students aware of
the underlying statistical assumptions of the methods they want to use or that others have
used. It is very important to recognise which assumptions have been made by an author,
whether these assumptions have been tested in a correct way, etc. In this book, many exact
derivations are given, but in some cases it is sufficient just to explain what is going on in that
particular situation. References to the econometrics literature, for more detailed information
on any subject, are given in throughout the text and are listed at the end of this book.

Econometrics is not mathematics or statistics only, but econometrics clearly belongs to
the economic discipline; this starting-point is obviously recognisable in the text. With this
approach to teaching econometrics, students will get a clear understanding of econometric
practice and the underlying econometric theory. The integration of econometric theory,
its application and the use of econometric software distinguishes this book from existing
econometric texts.
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Preface

The best way to learn about doing quantitative economic research is to study econometrics
where theory and empirical work alternate in an integrated way: immediately applying a
discussed procedure on economic data by using econometric software. Students see the
benefit of theoretically explained methods more clearly when they are directly applied in
an empirical example. For this reason, a number of cases have been included in this book.
Most of the cases can be considered as a ‘simulation’ of performing quantitative economic
research. A case does not concern the solving of a mathematical or statistical problem; it
uses real economic data to solve an economic question. The cases will help to realise the
target of this first course, which is to learn what can be done with econometrics, and why
econometrics 1S a compulsory subject for an economist.

Features and objectives of this book

The main feature of the book is the strong integration of econometric theory and matching
software to apply the theory. This distinguishes this book from existing econometric texts,
such as Dougherty (2002), Greene (2000), Gujarati (2003), Hamilton (1994), Hendry (1995),
Johnston and DiNardo (1997), Maddala (2001), Stock and Watson (2003), Studenmund
(2001), Thomas (1997), Verbeek (2000) and Wooldridge (1999). A very short but practical
introduction to get a first impression of econometrics is Franses (2002). In the mentioned
textbooks, the theory is discussed and illustrated with empirical examples and exercises that
are often mathematical or statistical calculations.

The objective of this book is learning ‘to correctly perform quantitative economic re-
search’ by means of showing elaborated examples from econometric practice and by work-
ing through cases. For this purpose, the use of EViews is discussed in detail in connection
with the econometric theory. With empirical data sets students act as if they were doing
a quantitative economic project. Such a project is evaluated throughout the book because
the same data will be used in successive chapters. Earlier obtained results will be recon-
sidered in following chapters. It is the auther’s experience that this approach to teaching
econometrics is very effective in understanding the use of econometric methods.

After this ‘first course in econometrics’ students will have the following skills. They will
be able to specify simple linear economic models, to estimate their parameters in a correct
way by using economic data and econometric software (EViews), to test the underlying
assumptions, and to evaluate the computer results. They will have learned to compute
elasticities empirically, to test simple hypotheses about economic behaviour, to forecast
economic variables and to simulate an economic policy. Finally, they will be acquainted
with a variety of econometric models and methods.

This book offers a complete text for a ‘first course’, as a broad number of econometric
topics is introduced and discussed with their applications. The total number of subjects can
be too much for one course, so the text has been written in a way that various selections of
chapters can be made for a desired level of the course in question. However, Parts I and II
have to be discussed and studied completely, after which the course can be extended with
chapters from Parts III and IV.

This book is suitable for self-study because of the extensive and integrated discussion
of econometric methods and their use with EViews, together with the included examples,
data and exercises. Therefore, the use of this book is not limited to university courses in
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Preface xiii

econometrics. It can very well be studied by economists in trade and industry, or government
institutions, who have an interest in quantitative economic research.

EViews (Econometric Views)

Various econometric software packages are available. Some examples of well-known pack-
ages that can be used under Windows are EViews, Microfit, OxMetrics (which has a num-
ber of known modules like PcGive, PcGets, STAMP and TSP/GiveWin), RATS and Stata.
EViews has been chosen for this course as it is the author’s experience that it is the most
suitable software for realising the objectives stated above.

The use and output from EViews is extensively described in this text. Each time an
estimator or a statistic is discussed, its application with EViews will be demonstrated by
showing the specific EViews windows. The way to use the software for estimating parame-
ters of economic models and for testing hypotheses, by simply ‘clicking’ on the procedure
names, will be described. However, the application of methods in EViews is not an auto-
matic affair: each time a student has to take decisions him or herself about the next step that
has to be done.

EViews is published by Quantitative Micro Software (QMS). Students can buy the
EViews 3.1 Student Version at a very low price, provided they can submit a proof of academic
affiliation. For detailed information see the ‘QMS Home Page’ at http://www.eviews.com/.
In this book, the use of EViews 4.1 has been discussed. Finishing this manuscript coincided
with the release of EViews 5 by QMS. The discussion of EViews in this book concerns
the basic procedures for analysing economic data, estimating simple models and testing
the underlying statistical and economic assumptions. For that purpose, it makes hardly any
difference which level of EViews is used. The appearance of a window can differ slightly
in various versions of EViews, but this is not confusing. Interesting aspects of updates of
procedures, which are discussed in this book, will be described on the website related to
this book.

Prerequisites for this econometrics course

Basic knowledge of matrix algebra and statistics (distributions, estimation and test princi-
ples) is required. If you do not have this knowledge and cannot take a course in statistics
or mathematics, then you are advised to read the statistical and/or mathematical chapters
that are often found in various available econometrics textbooks. Such compact chapters
provide adequate knowledge to study this introductory course in econometrics.

Organisation and contents

This book has four parts. Part I consists of three preparatory chapters. In the first chap-
ter some basic concepts of economic and econometric models are briefly summarised.
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Preface

Chapter 2 introduces the cases and describes the data that will be used throughout the book. In
Chapter 3, EViews is introduced and extensively discussed.

Part Il concerns the ‘reduced-form model’. This model is discussed in detail in Chapters 4
to 7. All the necessary assumptions that have to be made for estimating the parameters of
the model, and many statistical tests concerning the validity of the assumptions, come up
for discussion. Applications with EViews are presented whenever possible and useful. Parts
I and II form already a minimal but complete basic econometrics course. To give an idea of
timing, it is possible to do such a course in about 14 or 15 two-hour lessons.

With a selection of the subjects in Part III the basic course can be extended. In Part 111,
a number of specific models are discussed. It concerns issues like what to do when some
of the assumptions concerning the reduced-form model, from Part II, have been rejected or
when they are not valid. For these reasons, different estimators are introduced in Chapters
8 and 9. In Chapters 8, 10 and 11, different models with their own specific properties will
be introduced. These chapters concern the model with a qualitative dependent variable, and
two multiple equation models: the seemingly unrelated regression model (SUR) and the
simultaneous equation model (SEM). It will take about seven, two-hour lessons to discuss
all the subjects of Part III in an extended course.

Part IV pays attention to the dynamic behaviour of economic models for time-series data.
Various types of dynamic models will be discussed. Chapter 12 discusses the estimation of
coherent short-run and long-run models. This discussion is important for knowing in which
way correct dynamic model specifications for time-series data can be obtained. Subjects
that come up are ‘unit-root tests’, ‘cointegration’ and ‘error-correction’ models. All these
topics belong in a contemporary basic course in econometrics. Chapter 13 discusses some
‘distributed lag models’, which are the last dynamic causal models discussed in this book.
Finally, Chapter 14 presents the univariate time-series models (ARIMA models). If the
course should be extended with all the subjects of this time-series block, eight, two-hour
lessons would be needed.

Website

All the data that are used in the examples and cases in the book can be found on the related
website:

www.booksites.net/vogelvang
By using a website for additional information, data is easily updated when new and inter-

esting information becomes available. Other information that is relevant after the book has
been printed and live updates of EViews will also be placed on the site.
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In this part some necessary basic concepts concerning econometric research are discussed.
Before a serious start can be made with learning econometrics you need to know about basic
aspects of economic and econometric models, about the sorts of economic data that exist and
about the use of a software package like EViews that is discussed in this book. In Chapter 1,
the basic concepts of econometric models are introduced. The chapter contains a discussion
of important aspects of the linear economic and econometric model. The different types
of data that can be collected and the different kinds of economic variables and equations
that are distinguished will also be discussed. The relationship between the parameters of
the model and elasticities is emphasised. Different phases in an econometric research can
be distinguished. These phases are schematically presented at the end of Chapter 1. Each
phase consists of a number of topics or procedures that have to be done or can be done;
this has been summarised. In fact, this scheme indicates the way empirical research is done,
from the beginning to the end. These aspects determine the contents of Part II.

The cases and the available data are introduced in Chapter 2. The data that have been
used in the examples in the text are also available and this makes it possible for the reader
to reproduce the examples. |

In Chapter 3, the last chapter of Part I, a number of basic concepts of EViews are
introduced. These basic EViews operations are extensively discussed with many examples
of the windows that are opened by EViews. Information is given about what can be done in
those windows. The procedures in EViews have more interesting and useful aspects than just
their easy use for computational work. The graphical output from EViews can be directly
inserted into a text editor like Word or Scientific WorkPlace (LaTex). In the last section of
Chapter 3, the first exercise is formulated as the start of an empirical econometric research
project. This exercise corresponds with the first phase in an empirical study, namely a data
analysis.




N LTS

Introduction to Part | 3
The knowledge obtained from this part will be sufficient to start you on the discussion

of the first econometric model, the ‘reduced-form model’, that is introduced in Part II, and
the empirical applications using EViews.
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Scientific quantitative economic research

In economic research, as in other disciplines of science, the distinction can be made between
theoretical and empirical research. Theoretical economic research in general concerns the
development of economic theories. In quantitative economics or in econometrics, it also
concerns the development of statistical methods to test the validity of economic theories.
These methods fill the tool-box for econometricians. The tool-box mainly consists of sta-
tistical and econometric methods, estimators to estimate unknown parameters of economic
models, and test statistics to test hypotheses about economic behaviour. Many methods have
been made operational in software packages.

Empirical quantitative economic research consists of confronting a hypothesis, formu-
lated from the economic theory, with the reality of the economic world. The hypothesis is
tested by using real economic data. In this text, the emphasis is on correctly performing
applied econometric research and on the notion that some tools can be used whereas others
yield incorrect results.

When doing research it is important to adhere to a number of methodological rules.
Research must be objective and reliable. The results have to be capable of being reproduced
by other researchers. For example, when a research paper is submitted to a journal for
publication, you may be asked to put the used economic data at the editor’s disposal, so
that other people can check the reliability of the results. Another methodological aspect is
to keep the finally obtained result, like an estimated model, as parsimonious as possible to
present a transparent analysis of the investigated economy. The research has to be done in
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6 Chapter 1. Basic Concepts of Econometric Models

an ethically wise manner. ‘Data mining’ as a method of obtaining results predetermined by
the researcher is potentially an unethical method of empirical research. Data mining has
to do with estimating many regression equations in a non-structural manner — just every
possible combination of explanatory variables can be used — and then choosing subjectively
the result that confirms the idea that the researcher wants to prove. If that happens, the result
deserves the title ‘How to lie with statistics’! Correctly found scientific evidence to support
the original hypothesis stemming from the economic theory has not been found; in fact the
final result will be worthless in many cases.

If you want to prove an economic theory then you have to find a parsimonious econometric
model in a structural way, which does not reject the economic and statistical assumptions
that have been made to obtain this model. That model can be used to test the hypothesis. If
such a model cannot be found then the conclusion should be drawn that the hypothesis is
probably not valid and has to be rejected.

In obtaining an econometric model for time-series data, the approach of David Hendry
will be used: structural modelling from general to specific. With this approach the data is
analysed and modelled in a structural and objective way. (See, for example, Hendry (1995),
and also Charemza and Deadman (1992) for a discussion on this topic.)

Naturally, it is also important to write a research paper in a clear, transparent and sys-
tematic way. A number of rules exist to help you write in a systematic way. Attention to this
stage of a research project will be given in Section 6.6, before the first case that simulates
a research project, Case 2, is introduced.

1.2 Economic and econometric models

A quantitative economic research project starts with an economic theory. Hypotheses can
be formulated from the economic theory about the economic behaviour of economic agents
in the real world. Hypotheses can also be formulated on the basis of people’s own obser-
vations. The model of the economic behaviour that has been derived from a theory is the
economic model. The model consists of mathematical equations with economic variables
and unknown parameters. Statistical assumptions about the model will be made and tested
afterwards. After the unknown parameters have been estimated by using economic data for
the variables and by using an appropriate econometric estimation method, one has obtained
an econometric model. Often it is possible to derive properties of the model a priori, by
looking at the theory only. These properties are relevant for the evaluation of the estimation
result later on. In Stewart and Wallis (1981, pp.3—4) a simple clarifying example 1s given
with a macroeconomic consumption function that is shown below. In its most simple form,
consumption is determined by income only. In the literature it is customary to use the no-
tation C' for consumption and Y for income. Then the consumption function is written as
a function of income:

C=f(Y). (1.1)
Equation (1.1) is specified as a linear economic model by writing:

C = B + Y. (1.2)

_ |




Economic and econometric models 7

It is common to use Greek characters to denote the parameters. The parameters 3; and
32 are unknown and have to be estimated. Notice that this equation has not been correctly
specified: an exact relationship between consumption and income does not exist. The correct
way of specifying a causal model for economic variables will be introduced in Section 4.2,
It is possible to look already at some properties of this function that are known from the
economic (Keynesian) theory. For example: consumption increases as income increases,
but consumption increases less than income does. This implies for equation (1.1) that the
first derivative of consumption with respect to income is positive and smaller than 1. If both
variables are expressed in identical units then these restrictions imply:

dC
D — =<1 1.3
1% (1.3)
Inequality (1.3) results in a restriction on the parameters 5 of the consumption equation

(1.2):
0<fy <.

Further, you may expect a positive value for the intercept: 3; > (. These inequalities will
be used in the ‘economic evaluation’ of the econometric model after the parameters of
the model have been estimated. It is also known that the part of the income that will be
consumed will decrease when income rises, or formulated in mathematical terms:

d(C/Y) _

% 0.

Differentiation of the quotient C'/Y" gives:

d(C/Y) _1dC _C _
Yy _Ydy Y2

Elaboration of the inequality, with the assumption that Y > 0 and C' > 0, yields:

1dc_C
Y dY Yy?’
aC C

v v
Y dC

The left-hand side of inequality (1.4) is the mathematical expression of the income elasticity.
The last inequality states that the income elasticity is less than 1.

Suppose that the parameters have been estimated with the resulting values 51 = 15.4
and Eg = ().81, then the model is written as

o~

° C =154+ 0.81Y,
which is the econometric model. The usual notation for publishing an econometric model
is discussed in Section 6.6 (and the ‘hat’ above the C' in Section 4.3).
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Chapter 1. Basic Concepts of Econometric Models

13 Economic data

The unknown parameters of a proper economic model can be estimated if sufficient data
on the variables are available. The collected data form the sample. The data are considered
as drawn from populations. Each observation is:

B a realisation of a variable at a certain moment, for example, personal income,
company’s production, country’s GDP, etc. or

® a realisation for a certain object or subject such as the sales of firms in the same
business or the ownership of a PC by a student.

Three main types of economic data can be distinguished: time-series data, cross-section
data and panel data. In this book, attention is only paid to the analysis of time-series data
and cross-section data.

Time-series data are historical data. Historical data can be observed at different frequen-
cies, like annual data, quarterly data, etc. Often, published time-series data concern average
values of the variables during a year or a quarter, but alternatively it is also possible to anal-
yse end-of-the-period data. This can sometimes be observed for high-frequency data such
as weekly or daily data: for example, stock market data, or futures prices on commodity
exchanges.

Cross-section data are data collected during one period, for example, for people, com-
panies or countries. Cross-section data are then collected typically in one month or one
quarter. Panel data are cross-section data that are collected at various points of time, but the
data concern the same panel of subjects or objects in every period. In most studies, large
cross-sections are found collected for only a few points of time. (See, for example, Baltagi
(2001) for an extensive discussion about modelling panel data.)

An important difference between time-series data and cross-section data is that time-
series data have a fixed ordering in time. Cross-section data do not have a fixed ordering,
the researcher determines a logical ordering, for example, from low to high income. The
difference between time-series data and cross-section data is also seen in the notation.
For time-series data the subscript ¢ is added to the variable (e.g. C; and Y} ), whereas for
cross-section data the subscript ¢ is used (C; and Y;).

Economic data can be collected in different ways. Data are published in national and
international statistical periodicals. If data have to be collected in this way, then they have
to be manually input to a computer file, which is not a convenient way of importing data.
Now it is often possible to get the data in electronic form, for example, from international
organisations by using the internet. (See Chapter 2 for some examples.) Sometimes data is
free to download but sometimes you have to pay for data. The data that are necessary to do
the exercises included in this book can be downloaded from the internet (see Chapter 2).

4.4 \Variables of an economic model

In an economic model there is one variable on the left-hand side of the equation, called the
dependent variable. Variables on the right-hand side of the equation are the explanatory
variables. The nature of economic variables can be endogenous, exogenous or lagged
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dependent. A variable is an endogenous variable if the variable is determined in the model
in question. Therefore the dependent variable is always an endogenous variable. The exoge-
nous variables are determined outside the model. Lagged dependent (or lagged endogenous)
variables are ‘predetermined’ in the model. In fact they are endogenous, but their values
have already been realised. Knowledge about the nature of the variables, especially of the
explanatory variables, is of importance for the choice of an estimator for the unknown
parameters and for knowing the properties of the estimator.

The model is not necessarily a model of only one equation. One equation can often
be considered as part of a larger model where other variables are determined too. If more
equations have been specified to determine other endogenous variables of the system then
the system is called a simultaneous equation model (SEM); this model is the subject of
Chapter 10. In such a model it is possible to simulate any policy for a more or less completely
specified economy. For example, one can change the percentage of any tax variable and
compute the effect on consumption, etc. If the number of equations is identical to the number
of endogenous variables, then that system of equations is called complete. A complete model
can be solved for the endogenous variables. This is necessary if one wishes to perform
simulations with the model as mentioned above. (See the next section for more discussion
on this topic.)

Although it is not necessary to specify a complete model for all the endogenous variables,
if you are only interested in the study of one of the equations of that model, it is always
important to judge the nature of all the explanatory variables of that equation. It is an open
door, but it is clear that lagged variables only can occur in time-series models. Below two
examples are given to highlight these points.

In the macro-consumption equation, model (1.2), both the variables C; and Y} are en-
dogenous variables, because they are determined in the same macroeconomic model,
but an equation for income was not considered yet as so far the ‘research interest’ con-
cerned consumption only. For example, an equation for Y; can be added in the form of
an identity, which gives the following most simple Keynesian model as an example of a
complete SEM:

C: = p1 + B2Ys,
Yé — Ct +It1

where I, is the variable for the investments, which is considered as an exogenous variable
in this model specification. The subscript ¢ indicates that the variables are observed as
time-series with, for example, annual, quarterly or monthly observations. In general
notation, t runs from lton:t=1,...,n.

In Vogelvang (1988) an econometric model for the world coffee market has been devel-
oped. That is the reason why many examples in this book relate to the coffee market. This
example concerns a quarterly model for the consumption of coffee in a coffee-importing
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country. It is assumed that coffee consumption (Cf of ) depends on the coffee price

( Bcof )1 the price of tea (P/¢*), as tea can be a substitute for coffee, and income (Y}).

Of course more economic variables can be relevant in explaining coffee consumption,
but this is just an example to illustrate the discussed topics of an economic model. (See
also Remark 1.2 below.) The coffee consumption equation can be written as:

Cfﬂf — )61 -+ ﬁ?Ptmf + ,ngttm o+ ;64}’}

In this model, C° and P! are two endogenous variables because both variables will
be determined in a complete model for the world coffee market. An equation explaining
Pf"f is not specified as only the consumption of coffee is ‘studied’ here. P/¢® and Y;
are two exogenous variables because they are not determined in a model for the coffee
market. Notice that the expected signs of the parameters are: 3 < 0, 83 > 0, 84 > 0.
No a priori restrictions exist on the constant term [3;.

The models are static models in the examples so far. The implication of a static model is
that a change of an explanatory variable in period £ is fully reflected in the dependent variable
in the same period £. That can sometimes be considered as a strong restriction on the model.
When the price increases with one unit in period ¢ the consumption of coffee decreases
with 33 in period ¢. Such a change can be unrealistic for economic reasons. Although that
depends on the frequency of the data, for annual data it is not a problem, but for monthly
data this can be different. For example, consumption can be based on the current price but
also on the price from the (recent) past. In that case, the prices from previous periods, called
lagged variables, are also specified in the equation. For example:

CF = By + Bo P + B3 Pte® + BuY; + Bs P2 + B P24

When the price increases with one unit in period ¢ the consumption of coffee has decreased
with (35 in period ¢, with 35 + (35 in period ¢ + 1, and with 32 + (35 + B¢ in period t + 2.
In other words, the short-run price response is 2 and the long-run price response is [y +
B35 + Bg. (A detailed discussion about short-run and long-run models is given in Part IV.)

The parameter [, is negative, the signs of 35 and 3¢ are not known a priori. If 35 and
3¢ are negative, then a new price needs three periods before the adjustment in consumption
is complete and the long-run price response is larger than the short-run price response.
Opposite signs of a lagged variable indicate a correction on the adjustment in the previous
period(s). For that reason, it is possible that the long-run price response is less than the
short-run price response. Other explanatory variables can be specified with lags too. The
equation is called a dynamic model when lagged variables have been specified.

Itis also possible that lags of the dependent variable are specified as explanatory variables,
as in the following specification:

Cfof = [ + ﬁszo‘f + B3Pl + B4Y; + ﬁﬁCf_o{-

In this model, the quantity of consumed coffee from the previous period (# — 1) influences
the coffee consumption in the present period (¢). This variable C;_; represents the habit for-
mation or the (stochastic) trend in consumption, which is clearly not unrealistic from an eco-
nomic point of view. The variable Cf_”{ is a lagged endogenous variable, just as the variables
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P! but in this equation C;°] is called a lagged dependent variable. The specification of
lagged endogenous variables does have its own statistical problems, as will be explained in
Chapter 4. A model with a lagged dependent variable is, mathematically seen, a difference
equation. The parameter 35 has the restriction 0 < 85 < 1, otherwise the difference equa-
tion will explode, or will show an unrealistic alternating influence of Cf“{ A short-term
price change will have less effect on consumption when the trend is strong (5 close to 1).
Note that the specification of lags decreases the sample length that is used to estimate the
parameters. The frequency of the data is important for the specification of the dynamics in a
model. Many lags can be expected in a model for high-frequency data, or just a few or no lags
are expected in a model for low-frequency data. A model for variables measured in monthly
averages will have more dynamics than a model for variables with an annual frequency.

Remark 1.1 Warning
Be aware of specifying strange restrictions in the model, like *holes’ in lag patterns.
For example:, an equation like:

L8 SR B

_has a remarkable restriction: consumption in period ¢ is determined by income from
. the periods ¢ and ¢ — 2, but not by income from period ¢ — 1! That is clearly not a
 realistic model. For example, this can happen when it is observed that the influence of
Y, is not significantly different from zero after the parameters have been estimated,
~and thc variable is mindlessly deleted. This point will dascussed in more detaﬂ later on.

";Remark :I. 2 Is the specification of the coffee consumptlon equatlon mallstlc?

* Income (Y;) has been linearly specified in the coffee consumption equation. The

~ utmost consequence of this specification is that enormous quantities of coffee are

* consumed at very high income levels! That is actually not very realistic. A model is
just valid in a certain sample and within a certain range of the variables. One has tobe
cautious with computing predictions for an endogenous variable for extreme values

~ of the explanatory variables by using an estimated econometric model. The same is
true for long-term model simulations. - i
~ Other variables can be relevant in explaining caffee consumption, like the pnce of
soft drinks as one more possible substitute for coffee. -

. Trends ina country’s population might also influence the total coffee consumption.

/e Then 1t 1s hetter to specify consnmpuon ancﬂncome per caplta -

4.5 Structural and reduced-form equations

The equations of the economic model as specified in the economic theory, are called the
structural equations. A complete model of a number of structural equations is the structural
form of the model. Different types of structural equations can be distinguished. An equation
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like the consumption equation is called a behavioural equation. Other relationships are,
for example, technical relationships (like production functions) and identities (as in Exam-
ple 1.1). Unknown parameters do not occur in an identity.

A complete SEM can be solved for the endogenous variables. The solution is called
the reduced-form model. The reduced-form model consists of reduced-form equations.
The SEM in Example 1.1 is a complete structural form with two equations for the two
endogenous variables C; and Y;, The investment variable I is supposed to be exogenous.
Solving that model for C} and Y; gives the two reduced-form equations:

o5 B2
C: = + Iy,
*T1-8 1-8; "
63} 1
Y= -+ L.
Y16 1=P "

Or in general notation:

Ci = m11 + mi2dy,

Y: = mo1 + moal;.

The reduced form will be used to simulate a policy or to compute forecasts for the endoge-
nous variables, of course after the estimated reduced form parameters have been inserted.

The equations for time-series data that have been considered so far are models that de-
scribe the behaviour of the economic variables in the short run. Lagged endogenous and
lagged exogenous variables in a structural model are predetermined, so they will be found
as explanatory variables in reduced-form equations. When lagged endogenous variables
are specified in a structural form, some of the reduced-form equations will be difference
equations that can be solved to compute long-run effects. Without lagged dependent vari-
ables the reduced-form equations show the long-run effect too, as seen in Example 1.2. If a
static specification is a correct model for the short run, then it is also a specification for the
long-run model.

1.6 Parameters and elasticities

It is useful to look at the parameters, the coefficients of the variables, 1n more detail. In a
first econometrics course it is usual to assume that parameters are constant in the model,
implying that the economic structure of the model is assumed to be constant in the sample.
Other assumptions about the parameters can be made, but not in this book.

The following terminology is used. The parameters are estimated by an estimator and
the result is called an estimate. The magnitude of the parameters depends on the units of the
variables. The values of the estimated parameters can hardly be interpreted when the units
of the various variables are different. Therefore, it is often better to check the validity of the
estimates by computing and evaluating the magnitude of elasticities, which are free of units.
It is important to be aware of the following point. Below it is shown that restrictions on
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elasticities are imposed by the log transformation of the variables. The log transformation
is a popular transformation in econometric research: because it removes non-linearities to
some extent, it has a dimming influence on changes of the variance of the variables, and
because the coefficients can easily be interpreted as elasticities.

The following specifications can be distinguished and are illustrated with a simple linear
bivariate model.

@ The model has been linearly specified in the observed two variables:
Y: = b1 + B2 Xt
The definition of the elasticity e, of ¥ with respect to X is:

iy = DL
X Y.

So, when using the bivariate model, the elasticity e, is computed as:
Xy
eyzr = Po—.

The elasticity varies in the sample with both the variables Y; and X;. The elasticity
can be computed for all the points of time of the sample period. Then it is interesting
to look at a graph of the elasticity. The quantities that can be reported in a paper
are, for example, the maximum, minimum and mean value of the elasticity in the
sample period. This can be done in EViews in a simple way. Regularly, you find
that only the sample means are substituted for X; and Y;, but presenting only an
average elasticity can be less informative. What you want to compute depends on
what has happened in the sample period. If the economy was rather quiet in that
period it can be sufficient to compute the mean elasticity only. But in a period with
heavy price changes on a commodity market, for example, you may expect that
the price elasticity with respect to demand has not been very constant. Then it is
more informative to publish more statistics than just a mean. An example of the
computation of an income elasticity in EViews is given in Section 3.4.

® The variables X; and Y; have been transformed in their (natural) logarithms. The
model is:

In(Y:) = p1 + Baln (X¢) (1.5)

Differentiating (1.5) with respect to X; gives the elasticity e, of ¥ with respect to
X:
oYy Xy Y: Xy

Cyz = ﬁ_tf = ﬁzz"ﬁ = 2.

This means that the coefficient 5> of model (1.5) has become an elasticity and
this elasticity no longer varies with any variable. The elasticity is constant in the
sample as the parameter J3; is assumed to be constant. This is a restriction! Be aware
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before the application of the log transformation whether or not this restriction is an
economically realistic restriction in the sample period that is analysed.

Two other possible specifications can be distinguished, which are the following semi-
logarithmic models.

# The model 1s:

Y = B + Baln (X3) .
In this situation the elasticity e, 1s:

3}’}, Xt £ Xt

This elasticity only varies with Y;.

# The model is:

In(Yy) = B1 + B2 X:.
The elasticity e, 1s now computed as:

0Y; X Xy

= —— = 3, Y; = G X
Eyz X, Y, B2 th = Fo X4,

and this elasticity varies with X; only.

Conclusion

The conclusion is that one has to be aware of the consequences when transforming variables
to their logarithms. Is it realistic, for economic reasons, to restrict the elasticity to be constant,
or to vary with only one of the variables, in that particular sample period? If the answer is
yes, then it is not a problem but if this is not the case then the log transformation should not
be applied.

1.7 Stochastic models

Until now, the models were discussed as exactly determined mathematical equations. That
is possible in the ‘natural sciences’ where exact relationships are derived between physical
variables. However, it is not the case in economics. Economic relationships are not exact
relationships so they need to be written in a different way. A disturbance term will be
included at the right-hand side of the equation to complete the equation. A disturbance
term is a stochastic variable that is not observed. At the right-hand side of the equation,
two parts of the specification will be distinguished: the systematic part, which concerns
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the specification of variables, based on the economic theory; and the non-systematic part,
which is the remaining random non-systematic variation, to make it a valid equation. All
variables that are known to be relevant for the explanation of the endogenous variable have
to be specified in the model, but then the equation between the variables is still not an exact
relationship. In a well-specified model, the difference between the systematic part and the
endogenous dependent variable will be random without any systematic behaviour. When that
is not the case, the systematic part has not been correctly specified and has to be respecified.
For example, a linear bivariate model is specified in general notation as follows.

Yy = P11 + B2 Xt + ue. (1.6)

The variable Y; is the dependent (endogenous) variable, X; is an exogenous explanatory
variable, the variable w; is the disturbance term representing the non-systematic part of the
equation. As mentioned above, the disturbance term u; cannot be observed. The disturbance
term is a stochastic variable and assumptions will be made with respect to its probability
distribution. These assumptions are introduced in Section 4.2 and will be considered in
more detail in Chapter 6. The stochastic behaviour of the disturbance term implies that
the endogenous variable is a stochastic variable too. All endogenous variables, whether
they are dependent or explanatory variables, are stochastic variables. It will be clear that
model (1.6) with only one explanatory variable is rather limited in explaining the behaviour
of an economic variable. When introducing the general linear model in Section 4.2, the
specification will be more generally discussed.

18 Applied quantitative economic research

In this section, the process of an econometric research project is schematically summarised.
As introduced earlier, the aim of empirical econometric research is the analysis of an
economic phenomenon by specifying an economic model (the economic theory), estimating
its parameters and testing the assumptions that have been made by using common sense,
economic knowledge and statistical methods. The resulting model will be an econometric
model. This model can be used to compute elasticities, to test economic hypotheses, to
simulate policies, to compute forecasts, etc. First a number of assumptions of the model
have to be formulated after which the unknown parameters will be estimated. This concerns
deterministic assumptions as well as stochastic assumptions. By using the estimates, the
validity of the assumptions will be tested. If some of them are rejected then the model has
to be reformulated. This process can be characterised by the following scheme of stages
in an empirical research project. All the points mentioned will be discussed in following
chapters.

The deterministic assumptions

The deterministic assumptions concern the specification of the economic model, which 18
the formulation of the null hypothesis about the relationship between the economic variables
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of interest. The basic specification of the model originates from the economic theory. An
important decision is made about the size of the model, whether one or more equations
have to be specified. In other words, does the analysis concern a single equation model or
a multiple equation model? A different question is: at what economic level has the model
to be formulated, at micro or macro level, etc.

The choice of which variables have to be included in the model stems also from the
economic theory. For a time-series model, an adequate choice of the time frequency must
be made, which is in accordance with the research objective. For example, a model that
has to explain short-run stock market prices should be estimated by using daily or weekly
data (average or closing prices), whereas long-term economic cycles can be analysed with a
macroeconomic model that has been estimated by using annual data. A coffee consumption
equation, like the one in Example 1.2, will probably adequately be estimated for monthly or
quarterly data. The availability of data can influence the assumptions that have to be made
about the specification of the equation. If no sufficient data are available at the desired time
frequency, then it is possible that the research objective has to be reformulated.

The mathematical form of the model has to be determined. Is it possible to assume
that the model is linear or is it necessary to specify a non-linear model? A linear model is
more convenient to analyse, but it has to be based on a realistic assumption. Distinction
can be made between linearity in the parameters and linearity in the variables. This can be
shown with an example of the following non-linear model (e.g. a Cob—Douglas production
function). The non-linear model:

Y = Ji X[ Z e
can be linearised by the log transformation:

In(Y;) =In(61) + B2In(X;) + B3In (Z;) + ug or
In(Y;) =67+ GoIn(Xy) + B3 In(Z;) + uy.

This model is non-linear in the variables but it is linear in the parameters. When we are
talking about a linear model this concerns a model that is linear in the parameters. The
parameters of this model can be estimated with a linear estimator like the ordinary-least
squares estimator. The following non-linear model cannot be linearised by a simple log
transformation:

Y, = B X220 4 .

Specific reasons must exist to specify an additional disturbance term here. The parameters
have to be estimated by a non-linear estimation method.

The stochastic assumptions and estimation of the parameters

Statistical assumptions need to be formulated about the stochastic variables in the model
with respect to the distributions and/or their moments. What is important regarding the
choice of an estimator for the parameters is that you have knowledge about the nature of
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the explanatory variables: are these variables endogenous or €xogenous, as was explained
| in Section 1.47?

A data analysis is important at the beginning of the research project. It provides in-
formation about the behaviour of the economic variables in the sample period. Do the
variables correlate as expected? Are trends or other systematic patterns, like seasonal pat-
terns, economic fluctuations or cycles, present in the time-series data? Is the variance of the
disturbance term in a model with cross-section data constant or is the variance proportional
to the variance of one or more of the explanatory variables? Conclusions from such an
analysis give rise to action: for example, the elimination of systematic behaviour from the
variables or the choice of a specific estimator for the parameters. An estimation method will
! be chosen on the basis of these assumptions. Then the unknown parameters are estimated
! and test statistics are calculated to evaluate the results, as described in the next stage below.

Evaluation of the estimation results

The evaluation concerns the verification of the validity and reliability of all the assumptions
that have been made. This concerns the unsystematic part as well as the systematic part
of the model. The evaluation of the results takes place in various ways. A first evaluation
is obtained by using common sense and economic knowledge, for example when looking
at the sign and magnitude of the parameters or elasticities. This is followed by testing the
stochastic assumptions that have been made by using a normality test, autocorrelation tests,
heteroskedasticity tests, etc. Looking at a plot of the residuals can be very informative
about cycles or outliers that have not been observed before. Attention must be paid to the
hypothesis that the structure is linear and constant in the sample period.

If the stochastic assumptions have not been rejected, the deterministic assumptions can
be tested by using statistical tests to test for restrictions on parameters: for example, the
t-test and F-test can be performed, the coefficient of determination R? can be interpreted,
etc.

In some projects, it is relevant to evaluate the forecasting power or simulation properties
of the model by simulating the estimated model for either the entire sample period or for
only a part of the sample period.

The continuation of the project

The rejection of some of the preceding assumptions may give rise to returning to the
specification or estimation stage. Often the systematic part of the model has to be respecified
during the process of achieving a final parsimonious model. But when the evaluation is
satisfactory, then it is time to write the final version of the research report.

Conclusion
The scheme given above will be elaborated in Chapter 4. In Chapter 4, the ‘reduced-

form model’” will be introduced and discussed. This model encompasses ‘the classical
regression model’ which is a linear static model with exogenous explanatory variables only.
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The ‘reduced-form model’ can be a more general and dynamic model with lags of the
dependent variable as explanatory variables too. Later on, ‘structural models’, which are
models that have also endogenous explanatory variables, are discussed (see Chapter 9).
These three types of models have different properties. Their parameters have to be estimated
in a different way and the used estimators have different properties. It will be shown that
the choice of an estimator that has to be used is dependent on the stochastic properties of
the model specification.
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Download the data sets at www.pearsoned.co.uk/vogelvang.

introduction

In this chapter, a description is given of the available data that will be used in the cases.
These cases are an introduction to performing empirical econometric research. The cases
do not concern mathematical or statistical exercises with one solution, but they give rise
to economic questions that can be answered with econometric modelling and statistical
testing, by using the provided real economic data. The result of econometric research is not
one unique answer, which is in contrast to the mentioned exercises. The cases have been
formulated in a way that lets the student perform empirical econometric research, not yet in
an autonomous way but according to the questions or assignments formulated in the case.
In fact it is simulated empirical work that is guided by the points that are mentioned in
the cases. In an applied econometric research project, time-series or cross-section data are
analysed and modelled. Both types of data come up in the relevant chapters. The data files
are Microsoft Excel files that can be downloaded from the accompanying website.

The aims of this book are not achieved by including a huge number of data sets. A
number of files are offered that will be sufficient to use on many aspects of the discussed
econometric themes. Sometimes a choice between a couple of sets can be made. Of course,
it is not necessary to use the provided data. It could be more interesting or exciting to use
data that has been collected from your own research instead of the provided data sets. Then
you can kill two birds with one stone: studying applied econometrics and starting your own
research at the same time!

In the next section, the data set that contains the time-series data that has been used in the
examples throughout the text will be introduced. The reader can reproduce these examples
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by using the data which will contribute to a better understanding of the text. Subsequently, the
accompanying data sets are introduced in consecutive sections. In sections with time-series
data an introductory guidance is given concerning possible models that can be estimated. In
Section 3.5, one of the data sets will be selected for a data analysis as formulated in Case 1.
The complete first exercise starts in Case 2 at the end of Chapter 6. That is quite a way
ahead, therefore the reader is advised to use the examples given in the text when studying
the first six chapters. What to do with the cross-section data set is formulated in the relevant
Cases 4 and 9, after the specific models for these cases have been discussed.

In Chapter 3, the procedure for importing data in an EViews “workfile’ is described. Each
research project has its own workfile. If you want to include any variable from a different
workfile in the workfile that is currently being used, then that is no problem. It is possible
to exchange variables between various workfiles of EViews. In an easy and convenient
way variables can be copied from one EViews workfile into another. This is explained in
Remark 3.6 in Section 3.2. So you are not limited to using only variables from one of the
offered data files that are discussed in this chapter.

22 Data set 1: commodity prices

The time-series data that will be used in the examples originate from former research on
international agricultural commodity markets as done by the author in the past, see, for
example, Vogelvang (1994). The data set has been updated with recent data and data are
available in the file pcoccoftea.xls.

This data set concerns the following monthly data on the price of cocoa, coffee and tea:

W the coffee price is the Composite Indicator Price (according to the definition in the
International Coffee Agreement 1976) in US$ cents per pound, for the sample period
January 1960 to September 2002;

B the cocoa price is the Cocoa NY/London 3-month futures price also in US$ cents
per pound and for the sample period 1960(01)-2002(09);

Wi the tea price is the London price in US$/tonne for the sample period 1960(01)-
1998(06).

The data are from the UNCTAD, Monthly Commodity Price Bulletin. The following con-
siderations have played a role in analysing a relationship between these prices. Coffee,
cocoa (beside other uses) and tea are beverages that may be considered, to a certain ex-
tent, as substitutes for each other. An important property of these commodities is that they
are all commodities that can be stored. Another important feature is that coffee and cocoa
have been involved in an international commodity agreement (with varying success). Tea
1s traded unrestrictedly. Further, it is well-known that some of the commodities are often
traded on the same futures exchange, like the New York Board of Trade, which is also a
reason for price interrelationships.

The idea behind these data is as follows. When studying the price formation of these
commodities, price movements on the cocoa market were observed that were not caused
by circumstances in the world cocoa market, but probably by economic developments in
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the world coffee market. The data on the commodity prices show more or less similar
developments in some sub-periods, of course beside specific price movements of the par-
ticular commodities themselves in other periods. For instance, the high prices of all the
commodities in 1976 and 1977 were caused by occurrences on the coffee market (see
Figure 3.20). More facts about the prices are given in the examples.

For these reasons, a simple relationship can be used to illustrate many of the items
discussed in several chapters.

/23 Data set 2: macroeconomic data

Macroeconomic data sets are offered for the USA, the UK, France, Australia and Japan.
These data have been collected from the website of the Organization of Economic Co-
operation and Development (OECD), http://www.oecd.org/, and the Bureau of Economic
Analysis (BEA), http://www.bea.doc.gov/. They concern quarterly data for sample periods
between 1980 and 2003. The data files are Excel files; you always have to create your own
EViews workfiles. The files with OECD data are defined as:

Macro_USA.xls, sample period: 1980(01)-2003(01);
Macro_ UK xls, sample period: 1980(01)-2003(01);
Macro_France.xls, sample period: 1979(04)-2003(01);
Macro_Australia.xls, sample period: 1979(04)-2003(01);
Macro_Japan.xls, sample period: 1980(01)-2003(01).

The selected variables, with their names in parentheses as they are shown in the files, are:

B gross domestic product (gdp);

W private final consumption expenditures (cons);

W government final consumption expenditure (gov);
W investments (private and government) (inv).

These variables contain the nominal values in domestic currencies, but for Japan are in
billions of yen. Where real data are also provided, the names are preceded with an r as in
r_gdp, T_cons, etc. The real data of the USA are expressed in the currency value of 1996
and for the other countries in the 1995 value (Australia 2000(01)). The units of the OECD
data are millions of the national currencies; for the USA and Japan the units are in billions.
The data are seasonally adjusted.

These data sets can be used individually to estimate simple models for the economy of
one country, but they can also be used together to estimate one model (a SUR model) for a
number of countries simultaneously, as will be introduced in Section 8.3. For example, as
a basis model a simple SEM can look like:

Cy = 111 + Bu Y + un
It = vo1 + B21Y: + Y22 Yi—1 + Us2
}/t — Cf: + It + Gta

with Ct = COMSt, Y;: — gdpt, It = ’E:’fl‘l}t, and Gt = gov;.
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Parameters of endogenous variables are denoted by [3;,s, and parameters of exogenous
or predetermined variables by -;;s. Dynamic consumption and investment equations can
be estimated with the provided data. A ‘discrepancy variable’ has to be added to make the
identity balanced as the involved variables are not all the variables in the ‘national accounts’
that determine Y;. An exercise to model one of the equations is formulated in Case 2.
Case 5 is an exercise with a SUR model. The data is used again in Case 8 where system
estimation methods are applied to estimate the parameters of the SEM simultaneously. The
data will also be used in other more specific exercises.

One more data file concerning the USA has been included for a long sample period:
Macro USA _long.xls. It concerns quarterly data (at annual levels) for the same and for
some more variables observed in the period 1946(01)-2003(01). These data are obtained
from the National Income and Product Accounts tables (NIPA-tables) of the BEA. Two
separate variables are included for the investments representing private (gross_private_iny)
and government (gross_gov_inv) investment. The net exports of goods and services are also
included. One more GDP variable is found in this file: gdp_nsa_qg representing the GDP that
is not seasonally adjusted and measured at quarterly levels. The variables are measured in
billions of US dollars. More information about the data, such as the computation of index
figures and the seasonal adjustment, and of course more data, can be found at the mentioned
websites. With this more extensive data set it is possible to refine the macro model and to
investigate this long sample for the presence of structural breaks.

2.4 Data set 3: oil market-related data

Two data files related to the oil market in the USA are provided: Vehicles .USA.xls, and
Oil_gas_USA.xls. The file Vehicles USA.xls contains quarterly observations that are season-
ally adjusted at annual rates, for the following variables:

W ‘exp-vehicles’: expenditures on vehicles and parts, 1946(01)-2003(02);

W ‘price_vehicles’: price index (1996 = 100) of vehicles and parts, 1947(01)—
2003(02);

i ‘quant_vehicles’: quantity index (1996 = 100) of vehicles and parts, 1947(01)-
2003(02);

B ‘price_gas_oil’: price index (1996 = 100) of gasoline and oil, 1947(01)-2003(02);

M ‘quant_gas.oil’: quantity index (1996 = 100) of gasoline and oil, 1947(01)-
2003(02);

B ‘price_defl_pc’: price deflator for personal consumption expenditures, 1947(01)-
2003(02);

B ‘price.defl_dg’: price deflator for durable goods, 1947(01)-2003(02).

Also included are the GDP and the real GDP from the file Macro_USA _long.xls.

All the data have been obtained from the NIPA-tables. They are seasonally adjusted, at
annual rates, and measured in billions of US dollars. With this data set the expenditures on
vehicles in the USA can be analysed.

The file oil_gas_usa.xls contains monthly data on crude oil prices and retail gas prices.
These data have been obtained from the website of the Energy Information Administration
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(EIA), http://www.eia.doe.gov/. The following variables are included in the Excel file:

@ ‘crude oil domestic first purchase price’ in cents per barrel: 1974:(01)-2003(04);
(p_crudeoil -us);

@ ‘FO.B. cost of crude oil imports’, in cents per barrel: 1973(10)-2003(04);
(fobimp);

# ‘landed cost of crude oil imports’, in cents per barrel: 1973(10)-2003(04);
(landed_imp);

@ ‘leaded regular gasoline, US city average retail price’, in tenth cent per gallon:
1973(10)-1991(04); (p_lead_reg);

# ‘unleaded regular gasoline, US city average retail price’, in tenth cent per gallon:
1976(01)-2003(05); (p-unlead_-reg);

@ ‘unleaded premium gasoline, US city average retail price’, in tenth cent per gallon:
1981(09)-2003(05); (p-unlead_premium);

@ “‘alltypes of gasoline, US city average retail price’, in tenth cent per gallon: 1978(01)-
2003(05); (p-all).

With the data from this file a similar analysis can be done as given in the examples, but
now concerning a relationship between world market prices of crude oil and retail prices of
gasoline.

In Case 1, an economic model has to be formulated and these data can be analysed, after
which an econometric model will be estimated in Case 2. For comparing these prices be
aware of the different units of the variables: 1 barrel = 42 US gallons.

.~ 25 Data set 4: money market

A file with monetary data from the USA has been included to analyse the demand for
money. The data have been obtained from the economic database FREDII of the Federal
Reserve Bank of St. Louis that can be found at http://research.stlouisfed.org/. A lot of
economic data with long time-series can be found in that database. The selected monetary
data for performing a case concerning the American money demand is available in the file:
money_usa.xls.

The original monetary data from FREDII have a monthly frequency, but as the GDP was
only encountered as quarterly data, all the data has been rendered into quarterly data. The
following variables are available for the period 1959(01)-2003(02).

# the money stock M1, M2 and M3, not seasonally adjusted (m1, m2, m3);

# GDP, the same variable as before, which has been seasonally adjusted at annual
levels (gdp):

@ price index of the GDP, seasonal adjusted (price_de fl_gdp);

#@ consumer price index, not seasonal adjusted (cpi);

# an interest variable, the 3-Month Treasury Bill market rates (tbr).

The money stock will be used as an approximation for the demand for money that can be
explained by the GDP and the interest rate. If these data will be used, then the formulation
of an economic model for the money demand is done in Case 1 together with a data analysis,
whereas in Case 2 an econometric model is determined.
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2,‘6 Data set 5: cross-section data

Two data files with cross-section data are used. One file concerns simulated data that is used
in an example in Chapter 11. The other data file consists of business-economic data that
will be used for cases in Section 8.6 (heteroskedasticity) and in Section 11.5 for a model
with a qualitative dependent variable. The files are: pcdata.xls and business.xls.

The simulated data in the file pcdata.xls are described in Section 11.4. The business
economic data originates from the study by Van Montfort, Ridder and Kleinknecht (2002).
Two cases are formulated in Part III, where some of the variables from the original file will
be used. The cases are not corresponding to the original study, they only use the data in
more simple formulated cases. The file consists of cross-section data from 2886 firms in
the Netherlands that were collected in 1992. The following variables will be used.

percentage of sales of products that are new to the firm (new_s_firm);
percentage of sales of products that are new to the industry (new_s_industry);
number of employees in full-time employment (empl);

Ré&D costs in proportion to sales (rd_s);

sales growth in percentages between 1990 and 1992 (gr_s).

A number of dummy variables are included in the data set:

# The dummy variable ‘modern’ is equal to one if the firm is a modern company and
equal to zero if that is not the case.

# The dummy variable ‘incentr’ is equal to one if the firm is located in a central
region and otherwise equal to zero.

# The dummy variable ‘rdcoop’ is equal to one if the firm is engaged in R&D co-
operation and otherwise equal to zero.

# The dummy variable ‘eztech’ is equal to one if the firm acquires external techno-
logical knowledge and otherwise equal to zero.

The concept of dummy variables is explained in Section 7.5.

In Case 9 (Chapter 11) we will analyse whether the need for external technological
knowledge (the variable extech) can be explained by variables from this data set. Modelling
of the dummy variable exztech concerns the problem of estimating a model for a qualitative
dependent variable, a topic which is discussed in Chapter 11. With such a model, the
probability can be estimated that a firm needs external technological knowledge given a
number of characteristics of that firm. In Case 4, the variable ‘percentage of sales of products
new to the industry’ (new_s_industry) will be explained by a causal model. That case is
an application of the subjects that are discussed in Chapter 8.
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introduction

In this chapter the use of a number of general basic procedures from EViews is introduced
as a start to learning the principles of this software package. Version 4.1 of EViews is used
to describe the procedures in this book.

For this purpose the data on world-market commodity prices, as introduced in the pre-
ceding chapter, will be used. Many examples of EViews procedures will be given by using
these data. A relationship between these variables yields a simple but useful ‘model’ to
illustrate applications from econometric theory. Besides the use of EViews, we will look
at the output, especially pictures, that can easily be imported in a text editor. In fact, a
preliminary data analysis will be done in this chapter. We will see how graphs can be made,
correlations can be computed, data can be seasonally adjusted, elasticities can be calculated,
etc.

However, this book is not an EViews manual. A complete description of all the procedures
in EViews is found in its help file. The help function in EViews is very instructive and 1s
‘dentical to the EViews 4 User’s Guide that is also available as a pdf file under the help
button. As this book offers a first course in econometrics with the accent on showing the use
of econometric methods in the economic practice of doing research, only the most important
or relevant procedures are discussed in detail. After becoming acquainted with EViews in
this and following chapters, you will be able to use EViews autonomously.
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Chapter 3. Basic Concepts of EViews and Starting the Research Project
The creation of a workfile in EViews

The basis in EViews is the workfile. For every research topic or project a workfile is created.
An EViews workfile contains objects, like series, equations, groups of variables, graphs,
tables, etc. All these objects are part of the workfile. So the first thing to do in EViews is
to create the workfile and to import the data that creates the first objects: the variables as
a number of series. An existing workfile will be opened in following EViews sessions to
continue the research project. The data will be imported in the workfile in the first EViews
session, but additional data can be imported at any time. To import the data, you have to
know how the data has been organised in the original data file that has to be read. The data
files can be organised by variable or by date. The names of the variables can precede the
series in the data file or can be given when importing data in EViews. In the example below,
the data are organised by observation, the names are in the file, and the data are in an Excel
file. EViews can read various types of data files.

The following points have to be done to start working with EViews. First, start EViews in
Windows. Next click on ‘File’ and ‘New’, and select “Workfile’; this is shown in Figure 3.1.

Notice at the bottom of Figure 3.1 that a history list exists with the names of recently
used workfiles. Various data sets will be used in this book, so a workfile has to be made
for each data set. In a next EViews session, start again by clicking on ‘File’. The names
of recently used workfiles are visible in the history list and one can select directly a work-
file from this list. It is also possible to double-click on the name of the workfile in a
file-management program like Windows Explorer or Total Commander (Ghisler (2003),
see: http://www.ghisler.com/) if the extension (.wfl) has been associated with the EViews
program. Then EViews starts with that workfile.

A window appears (see Figure 3.2) with questions about the data: the frequency and
the sample period. Most of the options concern time-series data. ‘Undated or irregular’
concerns the import of cross-section data.

If cross-section data has been selected the range changes in ‘Start observation’, which will

be equal to one and ‘End observation’, which is equal to the number of the last observation.

Figure 3.1: Creating a workfile, step one: the new object
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Workfile Hange

Figure 3.2: Creating a workfile, step two: defining
the frequency

For time-series data, mark the correct frequency and fill in the ‘Start date’ and ‘End date’.
Three series of monthly data as mentioned in the introduction will be imported. So select
‘Monthly’ and type the ‘Start date’ and the ‘End date’, and click OK.

The window in Figure 3.3 shows the new workfile. In this window, two variable names
appear: a vector (c) that will contain estimation results, and a series with the name resid that

1 ge: 1%301.:
! Sample: 19680:01 2002:09
§ [l

i 88 resid

Save '.'h.. 5

Figure 3.3: Creating a workfile, step three: saving the file in a directory
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| Woikfile: COFCOCTEA - (c-\pearson\data\cofcoctea. will

Filter: * Default Eq: None |

Figure 3.4: Importing data in the workfile

will contain the residuals after the parameters of a model have been estimated. The vector ¢
will be used for testing restrictions on parameters or for specifying equations. The residuals
in resid will be used to test statistical assumptions, among other things. Click ‘Save as’
from the file menu, and change the name ‘Untitled’ to a suitable name. In Figure 3.3 the
name cofcoctea has been chosen.

The workfile gets the extension .wfl. It is convenient to check the box ‘Update default
directory’ at the bottom of the ‘Save as’ window: then EViews starts in the same directory
in a follow-up session when the program is started in general without linking to a file. That
is usually easier than browsing through the directory structure to find the workfile every
time you continue working with EViews.

At this stage, the data can be imported in the workfile. Click on ‘Procs’ and select ‘Import’
and then select the type of data file: a database file, an ASCII file or an Excel file (which is
a convenient way to import the data) as shown in Figure 3.4. Two screen shots are given;
one for reading an Excel file in Figure 3.5 and one for reading a text file in Figure 3.6. So
select "Read Text-Lotus-Excel’, and browse for the data file that has to be imported. The
data on the commodity prices are read from an Excel data file as shown in Figure 3.5.

EViews ‘asks’ whether the data file has been organised by observation or by series (in
‘Columns’ or in ‘Rows’). In this example, the data that will be imported are three series
with the monthly world-market prices of cocoa, coffee and tea, organised in columns. In
Figure 3.5 we see that the data are in sheet2 of the Excel file. If the data file contains the
names of the variables, only the number of variables in the file has to be entered. The names
are in the first row, so the first data cell is cell B2 (the first column contains the dates).

When the data are in a text file a different window is opened; this window is shown in
Figure 3.6.

In this window one has to fill in similar information as mentioned before concerning
Figure 3.5. There is a preview window, so that it is possible to check whether the correct
data will be imported and to see that the data are organised by observation. If the data are
not neatly organised in a matrix, do not mark ‘File laid out as rectangle’. Next click OK.
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3.5: Importing data from sheet2 from an Excel file

391,60
244,30

:

The creation of a workfile in EViews
27.141

28,76
3319 2758135040
32,75 26,261281.00

32,54

] 3283 27221265560

32,72

ASCH Text Import

Figure 3.6: Importing data from an ASCII file
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;ﬁ.‘.l..l.‘mk.tih* LOFCOCTEA l.l. \ son\data\cofc

"Range: 1960:01 2002:09 -
 Sample: 1960:01200209
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Figure 3.7: The workfile with the imported data

If all has been done in a correct way the names of the variables appear in the workfile
window as shown in Figure 3.7, otherwise wrong names like ser01, ser02, etc. are included
as objects in the workfile. These objects have to be deleted and a new attempt must be
undertaken. After the data have been successfully imported, it is still possible to import
more data later on. The range can be changed (under ‘Procs’) or new variables can be
imported. Statistical and graphical procedures can now be used to analyse the variables.

Some remarks are appropriate at this stage.

_"Rememm - tha pma af t&acxs gwan until Jun& 1998 tmly" Tl:ns mea_ns that ﬂw st
ﬁlled mth a cnde for mmsmg (‘N ot Avaﬂablé ) nb‘_'_"f_ﬁjﬁ_ﬁ:.;_;

¢ and a ‘S&mpla b boony deﬁneﬂ. In the dlsplayﬁd window
 theyare equal, but that depends on what has to be done. The range i the entire sample
~that has been imported into the workfile. But, for cxample, if you are interested in
ungamodﬁl fer ﬂnly pm'taf the sample and fore the dent variable
'~ for the rest of the sample then you have fjust the
. mdeﬁnﬂd by g the huttﬂn ‘Sample




The creation of a workfile in EViews

Remark 33 t |

The blank space on top Gf the EViews wmdow 18 the cnmmnd wmdow, where
' commands can be typed in. Examples are given later on. The space for this window
can be adjusted by dragging the bottom line of the Cﬂmmand wmdow up or down.

Remark 3.4

It is useful to click on the button ‘Options’ to install or redefine default options. For
example, the option ‘Graphics Defaults’ is used to make a default installation for the
appearance of figures.

Remark 3.5

At the end of the session the workfile has to be saved, so that everything that has been
done (transformations of variables, specification of equations, maybe formations of
groups, etc.) 1s available in the workfile in the next session. Each result (object) can be
sent to the printer for a printout by clicking on ‘Print’ in the toolbar of that particular
window. One word of advice: do not wait to save the workfile until the end of the
session, but click regularly on the save-button of the workfile, as it would be a pity if
your work gets lost when your PC unexpectedly hangs up!

Remark 3.6

In Section 2.1 it was noted that variables can easily be exchanged between different
workfiles. That is done by opening more than one workfile inside the same EViews
window. Click with the right-hand mouse button on the variable that has to be copied,
and select ‘Copy’. Next activate the other workfile by clicking with the right-hand
mouse button in an empty space of that window, and select ‘Paste’. This might be a
useful action in Case 5, for example, where data from a number of workfiles have to
be combined. '

Remark 3.7

It is possible that you have data with different frequenczes, for example, monthly and
quarterly data, in which case EViews can convert the data to a common frequency.
For example, this has been done with Data set 4 concerning the money market. The
money stock has been observed monthly, whereas the other variables have quarterly
‘data. This can be solved in the following way. Make a workfile defined for quarterly
data and another for monthly data. Import the money stock data into the monthly
workfile. Select ‘Store to DB’ under ‘Object’ in the ‘Series window’. Select ‘Indi-
vidual.DB? files' in the ‘Store window’ that has appeared. Browse for the correct
directory and click ‘Yes’. The variable is saved with the extension .db. This variable
can be imported in the quarterly workfile by selecting ‘Import’ and “Fetch from DB’.
EViews automatically computes quarterly averages of the monthly data, More con-
version options are available; see ‘Conversion Options’ under ‘View' in the ‘Series
window’. You always recognise the conversion in the series sheet as shown in Flgure
3.8. The way to display a series is discussed in Section 3.3. o

 When EViews is used in a more advanced manner, it is useful to create a real
_.-_d;atabase for many economic variables instead of individual variables stored in any
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'_ﬂ".r..-m_.-:-. M1 NSA Workbile:r MONEY L)

Last pdatad: 08/26/03 - 14:19
Display Name:

Figure 3.8: Example of frequency conversion when im-
porting data
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3.3 Viewing variables and some procedures

In the upper-left corner of the window of any EViews object two important buttons are
found, the buttons ‘View’ and ‘Procs’. With the options under ‘View’ you can look at
various representations of the object. Using “View’ in the ‘Series window’ options is useful
for data analysis involving graphs, descriptive statistics, etc. The options under ‘Procs’
provide a number of procedures that can be applied on that particular object. In the ‘Series
window’ procedures like seasonal adjustment are found that can be used when quarterly or
monthly data have been collected showing a seasonal pattern.

In this section, you will see what these options result in. Their use will be illustrated
by applying some of the options on the imported commodity prices. Of course it is not
the intention to discuss all the options that are available, but only those which are most
frequently used in a research project. More specific options that are not discussed in this
section can be encountered in following chapters, whereas an explanation of the remaining
options can be found in the EViews User’s Guide. A variable (series) is selected by one click,
and its window is opened by double clicking on the series name. After double clicking on
the series name the series is seen in a new window (the ‘Series window’), like a spreadsheet.
See the window in Figure 3.9, where part of the spreadsheet is visible. We will look at the
results of some possible options that can be chosen in this window. Before using the ‘View’
button see the ‘Edit +/—’ button in the series window. After clicking on that button the
series window will look like an Excel sheet where the series can be edited, which is useful
when errors in the data occur, for example, or when new data become available.

First, the available options are considered that are found under ‘“View’ and these are
shown in Figure 3.9. In that figure, the option to make a ‘Graph’ of the cocoa price series
has been selected.
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§ Range: 1960:01 2002:09 Default

Samgla: 1960:01 2002:09
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Figure 3.9: Preparing a graph

Also look at the other possibilities under the ‘View’ button. Some of them are obvious,
others will be discussed later on, for example, the ‘Unit Root Test. ..’ will be introduced
in Chapter 12. The graph is shown in Figure 3.10.

However, Figure 3.10 does not have the appearance of a figure an author would like to
have in his article. The appearance of this graph can be changed by double clicking on any
part of the graph you would like to change, like the labels, or the axis, or the graph itself.
After such a double-click the ‘Graph options window’ opens, as shown in Figure 3.11. In
that window a number of tabs appear corresponding to the various parts of the graph. In
Figure 3.11 the tab ‘Legend’ has been selected, where among others the name of the variable
has been replaced by a suitable name that is understandable in a publication, namely ‘Cocoa
price’ instead of PCOCOA.

The meaning of every tab speaks for itself. When you are satisfied with the result, the
graph can be imported into a text editor like MS Word, LaTex or Scientific WorkPlace.
The figure can also be included as a graph object in the workfile by clicking on ‘Freeze’
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Figure 3.10: A graph of Pf°¢

and giving it a name with ‘Name’; see Figure 3.12 where a graph object can be found.
The picture can be saved on disk to be imported into the text file that contains your paper
afterwards. In Word it can also be copied via ‘cut and paste’. To save the file on disk you
can use both the series window and the graph window. Click ‘Edit’ in the upper toolbar and
select ‘Copy’. This yields a window like the one in Figure 3.12.

Graph Options

Figure 3.11: Adjusting the graph
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“Range. 1960:01 2002:09 Default Eq: None
Sample: 1960:01 200209

250

8l Graph

Figure 3.12: Saving the graph as a .wmf file in a directory

Click OK and browse the directories to select the directory where the file has to be saved.
An example of an adjusted and imported figure of the cocoa price, which is a .wmf file, is
given in Figure 3.13.

Observe in Figure 3.13 all the changes that have been made; and compare Figure 3.13
with Figure 3.10. The Y -axis has been manually scaled. The label name has been changed
into a clear name for the text, the label has been dragged into the figure and has got a box.
Gridlines have been plotted and text has been added at the bottom of the picture.

In a similar way, the procedures that are found under ‘Procs’ can be used. The procedures
that can be applied on a variable are shown in the window of Figure 3.14.
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Figure 3.13: The graph of Pf°¢ as imported in this text
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Figure 3.14: Procedures in the ‘Series’ window
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Range: 1:01 20[’!2 .
S

Figure 3.15: Options for an object ‘Series’, here PS¢

The procedure that has been selected is seasonal adjustment. Seasonal adjustment is one
of the topics that will be discussed in Chapter 7. It is a rather useless option for this variable,
as PF°¢ has no seasonal pattern, as we have seen in the graph. Under ‘Quick’ in the upper
toolbar of the workfile, procedures can also be found to analyse the data.

Different options appear by clicking with the right-hand mouse button on the names of
one or more marked variables. In Figure 3.15 an example is given of a right-click on the
cocoa price. Displayed in that example is the way to delete an object from the workfile.

The contents under buttons like ‘View’ and ‘Procs’ is not identical in the windows of each
object: it depends on which procedures make sense for the data in that particular window.
In an ‘Equation’ window other views and procedures are available than those in a “Series’
or a ‘Group’ window. We have seen the available options that can be selected under “View’
and ‘Procs’ in the ‘Series’ window. As an example, compare the options of ‘View’ in the
‘Series’ window with those under ‘View’ of the ‘Group’ window in Figure 3.17 later.

Also other objects are created in a workfile. For example, we have created the object
‘graphcocoa’ in the example shown in Figure 3.15. The ‘Group object’ is a very useful object.
Various objects can be opened as a group of objects, for example, a group of variables, but
also a group of graphs can be created, which becomes a new graph, etc. The use of a group
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Range: 1960:01 2[[!2: §
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Figure 3.16: Creating a group with P7°¢ and pfﬂf

of variables is very convenient during an EViews session. For example, it is possible to
make all kind of multiple graphs, to compute group statistics, etc. In many cases, it is not
necessary to save a group with a name because a group is very easily created again and
the workfile will become too disorderly and large by including every object that has been
created.

How is a group created? Only one object (e.g. a series) is selected with the left-hand
mouse button. To create a group of objects keep the ‘Ctrl’ button pushed down and click
with the left-hand mouse button on the relevant object names. It will become a ‘Group’ by
selecting ‘Open’ (under ‘View’), and selecting ‘as Group’. See also the other possibilities
in Figure 3.16. Another convenient and fast way to create a group is clicking with the
right-hand mouse button on the selection of variables, after which the same options appear.

Notice in Figure 3.16 the ‘Open’ option ‘as Equation. .. . Selection of this option yields
a static regression equation in the ‘Equation Specification’ window. If an equation is speci-
fied in this manner the order of the selection is important. The first variable that is selected
is the dependent variable in the regression equation. However, this is a subject that will
be discussed in Chapter 4. A display of the options that are available under ‘View’ in the
groups window is given in Figure 3.17. The different views of the group are various types
of graphs, descriptive (group and series) statistics, sample correlations, etc. The first option
‘Group Members’ is useful in order to alter the members of the group; existing members
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| Range: 1960:01 2002:09 Filter: * Default Eq: None
| Sample: 1960:01 2002:09

32 7000

31.67000
30.43000

28.33000

29.03000

28.47000
22.26000 28.38000
21.56000 26.38000

Figure 3.17: The contents of ‘View’ in the ‘Group window’ and the selection

of a *Scatter with Regression WWW.TRADING-SOFTWARE-COLLECTION.COM
ANDREYBBRV@GMAIL.COM SKYPE: ANDREY.BBRV

can be deleted from the group and new members can be added to the group. In Figure 3.17
a scatter diagram with a regression line has been selected. The resulting scatter diagram
is given in Figure 3.18. Just like the corrections made for the graph of Pfo°, it is better to
make changes to this picture too, before including it in a paper.

Figure 3.18 clearly shows that a linear relationship between the two prices exists. Further-
more you can observe a clustering of points at low prices and an increasing variance around
the regression line when prices are high. These observations are, from an €conomic perspec-
tive, not unexpected. The high prices (and heavy price changes) correspond to the disturbed
and uncertain market during the 1970s, caused by the devastation of coffee trees in Brazil
as a result of very cold weather. The variances of the two prices are much higher at high
prices than at low prices. The interpretation and the consequences of this last observation
will be considered in Part II.

The next option that is selected in ‘View’ is ‘Multiple Graphs’. The choice ‘Line’ in
‘Multiple Graphs' yields a picture with two separate graphs in one figure. After manual
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| W Group: UNTITLED Workfile: COFCOCTEA : 1ol

PCOCOA vs. PCOFFEE
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o I

0 40 80 120 160 200 240 280 320

| PCOFFEE

Figure 3.18: A scatter diagram of P£°¢ and P;*/

scaling and some other adjustments the graph has been imported into this text as shown in
Figure 3.19. Both variables have the same range (0-350 $ct/lb) by manual scaling of the
Y -axis.

It is also possible to plot both variables in one graph. Select the option ‘Graph’ in the
‘Group’ window and both variables are plotted in one graph as shown in Figure 3.20. It will
be clear from the appearance of Figure 3.20 that adjustments have been made to the initial
picture.

Figure 3.20 clarifies the idea behind the relationship between P£° and P°/ that is used
in the examples in this book. It is obvious to see that the two prices have a similar pattern,

350

350

300 | é | | | | Coffes piice i | E | | —— Cocoa price
i e e e e e e (I 1 1 e e e e e e

260 -t o504 L

2004

200 4
1504 ._ 150 -
° T '.. RBERARARAN 0 '
B0 65 70 75 80 85 9 9 00 60

Figure 3.19: Multiple graphs of Pf°¢ and Pf°/ made from a group, identically scaled
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Figure 3.20: A combined graph of Pf°¢ and P77 made
from a group

whereas the ‘basics’ for the price formation of both commodities are not identical. Review
Section 2.2 again for some arguments as to why these prices move together.

After these examples from the ‘View’ options, we look at the procedures under ‘Procs’
in the ‘Group’ window. Clicking on ‘Procs’ has made these group procedures available.
See these possible procedures in ‘Procs’ on your own PC. The best way to learn the various
possibilities of a procedure, or to see the possible view options, is to select one of the various
buttons and to try out the options. The structure of successive windows is logical and, if
necessary, the help function is adequate, as mentioned earlier.

Finally two more examples of EViews output are given. In Figure 3.21, the workfile
shows that the three price variables have been selected as a group after which the correlation
matrix and the group statistics (select ‘Descriptive Stats’) have been computed. Because
the ‘common sample’ has been used it was not a problem to include the price of tea in
the group too. The total sample has 513 observations and, as seen in Figure 3.22, from the
group statistics the common sample has 462 observations.

The prices of cocoa and coffee are rather strongly correlated, the price of tea correlates
less with the other prices. When this correlation matrix is computed for a number of sub-
samples of the range, remarkable changes in the values of the correlation between the price
of tea and those of coffee and cocoa can be observed, whereas the correlation between the
coffee and cocoa price remains stable. This is useful knowledge regarding the analysis of
the relationship between these prices.

When performing empirical econometric research, it frequently happens that variables
have to be transformed, or that some number (a scalar) like an elasticity has to be cal-
culated. Variables can be transformed or generated with the command ‘genr’ or by using a
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| Rag: :01.% | Default Eq; i
| Sample: 19680:01 2002:09 ]

&l ¢

AT

) resid
W Gioup: UNTITLED Workfile: COFCOCTEA

Figure 3.21: The correlation matrix selected in the ‘Group’ window

‘Genr-button’. A scalar can be computed with the command ‘scalar’. Examples are given
in this section.

A well-known transformation is the log transformation. Later on in the course, models
with variables specified in first differences will also be encountered. These transformations
are easily performed in EViews. Transformations of variables can be specified in various
ways. The command for a transformation can be typed into the command window at the top
of the EViews window. For example, two new variables [pcocoa or dlpcocoa are generated

by typing:

genr lpcocoa = log (pcocoa) ,
or
genr dlpcocoa = lpcocoa — lpcocoa (—1) .

The command window keeps a record of the commands by maintaining a history list during
an EViews session, which can be an advantage if one has to do a number of similar trans-
formations for more than one variable, because the command can be adjusted to transform
another variable. A second possibility to compute transformations is by clicking on the
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ange 196001 200200 " Default Eq: None
|| Sample: 1860:01 2002:09

1713.071
7157000 | 1664.900
314.96500 | 4287 500
26.86000 | ©33.3000
5350328 | 569.4643
0.844178 | 1.297820
3.433355

58.48804
0.000000

41477 .32
1319659.

Figure 3.22: Series statistics of all the variables in the group

button ‘Genr’ in the workfile. Next the window ‘Generate Series by Equation’ opens. In
that window only

Ipcocoa = log(pcocoa)

has to be specified, using the same example as above. But in this way no history list is
created. Both possibilities of creating the log of the cocoa price are shown in Figure 3.23.

It is not always necessary to transform variables in advance by creating new objects.
All these transformations enlarge the contents of the workfile. Often it is possible to use an
operator within a window. For example in an ‘Equation Specification’ window operators
can be used. In an equation specification window the model is specified and an estimator is
chosen to estimate the parameters (discussed in Part IT). The log and difference operators
are used in the following way. The specification of

log(pcocoa) or d(pcocoa)
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Range: 1960:01 2002:09 Filter: * Default Eq: egD1 |
Sample: 1960:01 2002:09

e i 1960:01 2002.03

Figure 3.23: Illustration of two possibilities to generate In( P£°¢)

in the window implies that the logarithm or the first differences of the cocoa prices are used
in the model, without generating a new variable in the workfile. And it is even possible to
combine the two operators. The transformations

d(log(pcocoa)) or dlog(pcocoa)

yield the first differences of the logarithms of the cocoa price in the model.

Other manipulations with objects can be found under ‘Objects’ in the upper toolbar: for
example, the option ‘Delete’. As mentioned earlier, ‘Delete’ is also found in the toolbar of
the workfile, and the right-hand mouse button can also be used.

Not only transformed variables but also scalars can be computed. The computation of
an income elasticity will serve as example. Suppose that the parameters of the following
dynamic consumption equation has been estimated.

mst = 31 + Ezyé + E:zCONSt—l-

The name CON S is used instead of C', because in EViews the name C' is used for a vector
with estimation results, as immediately seen below in equation (3.1). In the notation of
EViews, the estimation result is explicitly written in the following way.

CONS, =c(1) +c(2) *Y; + c(3) * CONS,_;. 3.1)
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This means that the vector elements ¢ (1), ¢(2) and c¢(3) contain the numerical values
of the estimated parameters. It is simple to compute an income elasticity with this result.
The formula to compute an income elasticity (el_y) with respect to the sample means of
consumption and income (see Section 1.6) is:

—_—

~ Y

Lo Bale e =) 3.2
el_y = 3 s (3.2)

where Y and CONS are the sample means. This elasticity can be computed in EViews by
using the facility that many computational results are available with the prefix @. So the
sample mean of the series Y is known as @mean (Y) and the sample mean of the series
CONS is known as @mean (CONS). (See the EViews User’s Guide for other available
statistics.)

Compute the income elasticity by typing the following expression in the command
window:

scalar el_y = ¢(2) *x @mean (y) /@mean (cons) . (3.3)

The object el_y is included in the workfile, with the symbol # as prefix. Double-clicking
on the scalar name results in showing its value at the bottom of the EViews window. In
Figure 3.24 a part of the estimation result of the consumption equation (3.1) is shown in an
‘Equation’ window (using a small data set from Thomas (1997): Appendix III, Table AIIL.4).
The two variables cons; and y; have been seasonally adjusted, which yields the variables
conssa and ysa in the workfile. The estimation procedure will be discussed in Section 4.9.

.-_, ala
Al EViews

. i y= cQ)m(ysauan(nssa) : i

§ Range: 1974:1 1984:4 '
4

1984
| Sample: 1974:1 1984:

Dependent Variable: CONSSA

Method: Least Squares

| Date: 01/2104 Time: 10:22

Sample(adjusted). 1974.2 1964:4 |
b Included observations: 43 after adjusting endpoin’

Variable Coeficient  Std. Eror

B 1842228 1923739
YSA 0329244 0.099137 |
CONSSA(1) 0593563  0.122762

tif

Figure 3.24: Example 1 of the computation of an in-
come elasticity
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{ Range: 1974:1 1984:4 Filter. * Default Eq: eq02
fl| Sample: 1974:1 1984:4
#ioedc ”

VWM/"
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Figure 3.25: Example 2 of the computation of an income elasticity (e_y) for every
observation

In the command window the computation of the income elasticity (3.3) is demonstrated. For
example, double-clicking on the object el_y in the workfile shows the result at the bottom
of the window in Figure 3.24: el_y = 0.6556.

Another possibility to compute income elasticities is given by the following example,
given in Figure 3.25, where the income elasticity has been computed for all the quarters in
a new series (e_y),

genr e_y = c(2) * ysa/conssa,

see the command window, after which the series e_y is shown as a graph.

In Section 1.6, the suggestion was made to publish the mean, maximum and minimum
values of the elasticity in the sample period. These statistics are immediately found in the
summary under ‘View’ — ‘Descriptive Stats’, ‘Stats Table’ — see Figure 3.26 where the
values are shown. The mean of the elasticity is 0.6555 and the elasticity varies between
0.6323 and 0.6924.
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genre_y = cQ)'ysalconssa

Dalat Genii

| Range: 1974: : R efau Eq: a
| Sample: 1974;

Cenes  E Y WWorkhle: DATASETA

Figure 3.26: Series statistics of e_y

Notice that the mean elasticity in Figure 3.26 is different than the value of el_y in
Figure 3.24, because the formulae are different: the quotient of means versus the mean of
quotients!

In this section enough of an introduction to the use of EViews has been provided to make a
viable start with the econometrics course in Part I1. More general and additional information
can be found in the EViews User’s Guide. The EViews introduction, as discussed in this
chapter, will be applied in Case 1. This concerns a data analysis that precedes the estimation
stage.

Case 1: the data analysis

In this exercise the accent is

# on learning the use of EViews, and
@ making a start with an econometric research project.

These points are combined in this first case.
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Learning the use of EViews

The best way of learning to use EViews is to reproduce some of the examples from this
chapter and to invent some additional exercises around these examples. Download the file
‘pcoccoftea.xls’, make a workfile and import the variables. Perform a number of exercises
on the basis of the examples in this chapter.

The start of the research project

Part of the first phase in an econometric research is formulating the economic problem and
writing an introduction for the research paper. The economic data is collected and a data
analysis is done. The following assignments can be used as directions for the exercise.

Choose a ‘research project’ and select the accompanying data set. The relevant
time-series data, Data set 2, 3 or 4, have been described in Chapter 2. Of course
it is also possible to use time-series data that you have collected for your own
research. Some concrete directions concerning the formulation of a model for the
accompanying data have been given in Chapter 2 together with the introduction of
the data. Formulate your research objective(s) with the chosen data set. You can also
look at the formulation of Case 2, where the first ‘research project’ is elaborated in
more detail.

Download the data into your computer. Start EViews on your PC, create a workfile,
and import the data in the workfile. Check whether the data have been correctly
imported and save the workfile.

_Write an introduction with the formulation of the economic problem that will be

analysed, by using any word processor.

Generate transformed variables when you expect that they will probably be used
in the project too, such as deflating variables when you would like to model the
economic variables in real terms. Often it is useful to model the logs of the variables
as discussed in Chapter 1.

Examine the variables by making graphs. In case the data are monthly or quarterly,
data check whether seasonal patterns exist in the series and decide what to do if
they are present. Do this for all the relevant variables. Adjust the appearance of the
graphs, which are candidates for your draft paper, in a way that they are suitable to
import into your paper.

Make a group of relevant variables. Decide which graphs you like to see of these
variables: multiple or combined graphs, scatter diagrams, etc. Look at ‘Descriptive
Statistics’ and ‘Correlations’ and decide which information is useful for the next
section in your paper concerning data analysis.

Make a start with writing the second section of your paper that will focus on the data
analysis.
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In Part II, the general linear model is discussed in detail. It concerns the linear model for
one endogenous variable that is explained by exogenous and/or lagged variables (when the
sample concerns time-series data). Remember Section 1.8 where the scheme with the stages
of an econometric research project was given. The first two stages concern the deterministic
and stochastic assumptions that have to be made for the model. These stages are discussed
in Chapter 4 where the model is defined and the ordinary least squares (OLS) estimator with
some of its properties is introduced. Chapters 5 and 6 concern the evaluation phase where
statistical tests are introduced to test the stochastic and deterministic assumptions that have
been made with respect to the specification of the model.

In Chapter 7, the last chapter of Part I, a number of different specific topics around the
linear model are discussed and the consequences of specification errors are considered. We
will also look at forecasting problems. Which additional assumptions have to be made so that
the estimated model can be used for out-of-sample forecasting? Multicollinearity is the issue
of high sample correlation between the explanatory variables that can bring about inaccurate
or wrong estimates; this will be demonstrated. One of the deterministic assumptions is that
the structure of the model is constant in the sample period. This assumption is tested in
Sections 6.5 and 7.5. The modelling of structural breaks is a subject that will come up at
the end of Chapter 7. General to specific modelling as a procedure to estimate a model in a
structural way and all the other discussed items are applied in the cases.

In the Preface, it has already been indicated that Parts I and II can be seen as a complete
basic course concerning the linear regression model. After these two parts have been studied
you will know whether or not OLS may be applied as an estimator of the parameters, because
the properties of this estimator will be known. You will also be able to estimate and test
simple linear equations, with exogenous and lagged explanatory variables (for time-series
data), in a correct way. Part Il provides a lot of insight into many aspects of this linear model.




Introduction

An economic model is the result of economic theoretical considerations or stems from
ideas based on empirical research. Such a model is called a structural model, as it describes
the structure of the economic phenomenon that is studied. In this chapter, all models are
linear models. In Chapter 1, the structural economic model was introduced; this showed
relationships between endogenous and exogenous variables. In Section 1.5, we considered
a structural model that consists of more than one equation. That model can be solved for
the endogenous variables when the number of endogenous variables is equal to the number
of equations. The solution for the endogenous variables is the reduced-form model. In the
reduced-form equations the endogenous variables are expressed in terms of the exogenous
and lagged variables. A special reduced-form model is the model with only exogenous
explanatory variables. Such a model is called the classical regression model. This model
is regularly discussed as one of the first topics in econometric textbooks, as is done in
this chapter also. It is a clear model to start with for didactical reasons; it is a restrictive
model as all the explanatory variables have to be exogenous. Reduced-form models are
more general because lagged dependent (and lagged exogenous) explanatory variables are
involved allowing for dynamic economic behaviour in the model. It is true that it is good
to start with discussing the classical regression model for didactical reasons, but it is also
useful to discuss deviations from that model immediately where relevant, for example, to
observe changes in the properties of an estimator. The following three specifications of the
linear model are distinguished and discussed in detail in Parts II and III of this text.
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# The classical regression model
In the beginning of Part II, the classical regression model with only exogenous ex-
planatory variables is considered. Its parameters are estimated by using the ordinary
least squares (OLS) estimator. The OLS estimator will be extensively discussed.

@ The reduced-form model
Also in Part II, we will look at the reduced-form model with exogenous and lagged
dependent explanatory variables for the case where time-series data are modelled.
How properties of the classical regression model and the OLS estimator change by
the inclusion of a lagged endogenous explanatory variable will be clarified at various
places in this part of the book.

# The structural model
In Part III, structural models are considered, which are models that can also have
endogenous explanatory variables. That makes it necessary to introduce other esti-
mation methods like the two-stage least squares (2SLS) estimator.

The distinction between these three types of models is of importance when choosing an
estimator for the parameters and for the statistical properties of the estimator, as indicated
above. The distinction is not only important for theoretical reasons, but knowledge about
this distinction is clearly important when interpreting empirical results. This will be made
clear in this chapter.

First, all the assumptions of the classical regression model are given in the next section.
This is followed by the introduction of the OLS estimator in Section 4.3. After that some
statistical properties of estimators in general and of the OLS estimator in particular are
discussed in Sections 4.4—4.7. In Section 4.8 the principle of maximum likelihood estimation
is introduced. Finally, in Section 4.9 the applications with EViews are discussed.

42 The assumptions of the classical regression model

In this section, all the assumptions of the classical regression model, with additional com-
ments are given. The specification of the linear model is:

Yi =1+ BoXi2 + ... + Br Xik + us, (4.1)
uy ~ NID (0,02) , forevery t. (4.2)

NID in (4.2) means normally, independently distributed. All the assumptions concerning
this model will be explained below.

First, the assumptions concerning the specification of the equation, the deterministic
assumptions, are introduced.

B Y is the endogenous, dependent variable.

B Y; is explained by K linearly independent exogenous explanatory variables X,
withk =1,..., K.

# The first explanatory variable is: X;; = 1 for all {. This is the constant term. In
general it will be assumed that a constant term is included in the model.
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The number of observations in the sample period isequalton : ¢ = 1,...,n; for an
accurate estimation result it is desirable that n is clearly larger than K.

The difference between the number of observations and the number of explanatory
variables n — K, is the number of degrees of freedom of the model. The estimation
results generally improve as n — K increases.

The structure is constant in the sample period, or in other words all the parameters S
are constant in the sample period. In general, this has consequences for the choice of
n. The length of the sample period must be chosen such that the economic structure
has not changed in that period.

The K explanatory variables X; i (k = 1, ..., K) are linearly independent and form
the systematic part of the model.

WWW . TRADING-SOFTWARE-COLLECTION.COM
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The variable u; is the disturbance term, which is the non-systematic part of the
model. The disturbance term is not observed. Assumptions about u; are made and
will be tested after the parameters have been estimated. Often these tests will be
interpreted as model-specification tests, as will be explained in Chapter 6.

The variable u; is assumed to be normally, independently distributed. This assump-
tion means that all the n disturbances have been drawn from independent, identical
normal distributions. The normality assumption is not necessary to estimate the par-
ameters with the ordinary least squares estimator (see Section 4.3) but it is required
when assumptions or hypotheses are to be tested. The moments of the disturbance
term in model (4.1) have to be constant, as u; may have no systematic influence. The
mean, variance and autocovariance of u; are (with £ as the expectations operator):

E(ut):[]; P =1,ccosNt

2 »

o ift=s, foralltands
E » — 17 ‘ b ?
(usts) {0, iftiseg, 6831000

The variance o is constant, or in other words the disturbance term is homoskedastic

or not heteroskedastic. The autocovariances are zero, which means that no auto-
correlation is present; of course, this is relevant for time-series models only. Then
we also know the expectation of the endogenous variable Y;, conditional on the
explanatory variables.

Y: =01+ BoXio + ... + B Xex + ue,
E(Y:) =01+ B Xia+ ...+ B Xix + E (us) ,
E(Y;) =01+ 02Xe2+ ...+ BrXik.

An exact linear relationship exists between the expectation of Y; and the explanatory
variables.

In Chapter 8, the linear model with different disturbance-term assumptions will
be discussed. There the general least squares (GLS) estimator instead of the OLS
estimator can be used to estimate the parameters.
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B After the parameters Jx have been estimated, the residuals e; can be computed.
The residuals are defined as:

e =Y, — B — PaXea — ... — Br Xik.

When the economic model is correctly specified there is no significant autocorrela-
tion or heteroskedasticity found in the residuals by the statistical tests that will be
used to test the assumption that u; is random.

This linear model and its assumptions can be written in matrix notation, which is a clear
and simple notation and more convenient for analytical purposes. In general, the following
notation will be used:

# bold face and capital letters for matrices,
® Dbold face and lower case letters for vectors,
B the vector y is a column vector and y’ is a row vector.

The linear model (4.1) and the stochastic assumptions (4.2) are written in matrix notation
as follows.

y=XB+u (4.3)
u~ N (0,0:1,). (4.4)

The vector y is an (n x 1) vector with observations on the dependent variable, and X is an
(n x K) matrix with observations on all the explanatory variables. The parameter vector 3
is a (K x 1) vector with K unknown parameters. The vector u is an (n x 1) vector with n
non-observed disturbances. The matrix I,, is the (n x n) identity matrix. The explanatory
variables are linearly independent, which means that the rank r (X) = K. Notice that all
the assumptions have been specified in the matrix notation as introduced above. To illustrate
the notation in more detail, the vectors and matrices are shown below.

(Y1) (1 Xiz2 X3 . . Xik ) (w1
Ys 1 Xoo Xoz . . Xok U2
Y3 1 X3 X33 . . X3k | . [ B \ u3
" g . 8 A . ; ,82 E
= , X = B = . y U =
\ Bx /
\Yn) \1 Xn2 Xn?- . . XnK) \uﬂ)
The collected data on the economic variables Y;, X1, Xi2, ..., X;k are in the columns of

the vector y and the matrix X.
The disturbances are assumed to be uncorrelated (covariances are zero) and homoskedas-
tic, they all have the same variance o2. Therefore the (n x n) variance-covariance matrix of
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the disturbances Var(u) has been written as o21,, in (4.4). The notation is clarified below.

Var(u) = E[(u — E(u)][(u — E(u)] = Fuu’

(1)
U2
=F us ('t‘.&l Usg Uz . . Hn)
\ tn /
(Euf Eulug Eu1u3 . . Eu1uﬂ\
EUzul ETL% Euzug

2
Eugul Eu;;uz E‘U-g

(62 0 0 . . 0)
gt 0 . . DO
_ 0 0 G’.ﬁ_ 0 - UﬁIn
' 0

\0 0 0 . 0 ¢2)
The K + 1 parameters f31,..., 3k and o2 are unknown and have to be estimated from
the data. All the assumptions will be tested when estimates of the unknown parameters
have been obtained and the residuals have been calculated. If (some of) the assumptions are
rejected then this rejection will be interpreted as an indication that the model has been mis-
specified. The implication is that the systematic part of the model has to be respecified in most
cases. Notice that the examples discussed in Chapter 1, the macroeconomic consumption

equation and the coffee-consumption equation, do not satisfy the assumptions of the clas smal
regression model, as endogenous explanatory variables occur.

The least squares principle yields an estimator that minimises the squared differences be-
tween the observed Y; and the predlcted Yg from the estimated model. These differences

are called the residuals. If estimates ﬁl ,82, - ,5 x have been computed then predicted
values Y; are computed as:

=B+ BXat .. +BcXir, b= Lys 50
and the residuals e; are computed as:

a=Y-%,t=1...,n
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Xi

Figure 4.1: Illustration of the bivariate regression ﬁ = 31 + ngt

lior illustration, a picture with the observations Y;, the regression line, the predicted values
Y; and the residuals e; is given in Figure 4.1.

We want to have a model with the best fit to the observed data. That best fit is obtained
by using an estimator for the unknown parameters that ensures that we get a model with
residuals e; that are as small as possible. The residuals are a function of the parameter
estimates. The problem is solved by minimising the sum of the squares of the residuals as
a function of the parameter estimates. The sum of the squared residuals is used to avoid
cancelling of positive and negative residuals.

Define the function of the squared residuals as:

£ (BB Bi) =3
t=1

and determine the minimum of f with respect to 51, 52, S E;{.

For didactical reasons the OLS estimator will first be derived for the bivariate regression
model in a rather extensive way, after which we look at the OLS estimator for the general
multivariate model in matrix notation.

The bivariate regression model

The following bivariate regression model is used to derive the OLS estimator:

Y: = 61 + B2 Xt + uy-
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The function that has to be minimised is:

=i(ﬂ—31—»§zxt)2-

Differentiating f (51, Eg) with respect to 31 and Eg yields the following first order con-
ditions.

% (;2; ﬁz) = g 2 (1’1 — B — Bzxt) (-1)=0 (4.5)
il (;3;; ) = tz:; 2 (Y%, — b1 - Eth) (—Xt) =0. (4.6)

These two equations are rewritten and called the normal equations:

Zi/i:ﬂﬁl-l'gzzxt (4.7)
t=1 t=1
SoviXe=B) Xe+B2 ) Xi. (4.8)

Solving the norma] equations for the unknown parameter estimates 51 and Eg results in
expressions for 3, and [3, that can be computed from the data.
Two well-known expressions for ;31 and ;32 can be calculated from (4.7) and (4.8):

Y (%) (-X)
B = & ;
(% - X)’

X.

M;:

if

'----

Eh)

h=Y

— — L n
with X and Y as the sample means of X and Y (notation: X = 1% Xy, etc.).
=1
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The following two relationships between variables in deviation form (in deviation from
. their sample means) and their /evels will be used in the derivation that is given below.

Zn: (X —X) =Zn: X2-nx? (4.9)

=1 t=1
(X -X) (Y -Y) =) XV, -nXY. (4.10)
f=} $=<]
The two relationships (4.9) and (4.10) are obtained by rewriting the summations at the

left-hand side of the equations, and by using substitutions of the mean in the following
way:

i Xt - HY, etc.

t=1

Rewrite equation (4.7):

—Y-BX. @.11)

Substitute El in (4.8) and solve the equation for 32:

n T T
ZY;)Q: (?—Ez-f) ZXt+E2ZXt21

=

mn

Y %X, = YZXt ﬁgXZXg+ﬁ22Xt2:

f=] =1 t=1

ZEX¢= YX X +13sz31

t=1

Z}’;XtunYX Bs (thnx)

t=1

Next substitute the equations (4.9) and (4.10), which gives:

3 (X - %) (n—?)=ff‘z§ (X, - X)’
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Thus the solution for ,@2 has been obtained:

S (% -X)(%-7)
By = = : (4.12)

3 (% -X)’

The estimate 51 can be computed by substitution of the estimate B, in equation (4.11):

— i

B =Y — B X. (4.13)

Of course, other expressions can be written for El and Eg. Values for (4.13) and (4.12) can
be calculated when economic data for Y; and X; have been collected. Expression (4.13)
implies that the regression line passes through (X,Y’) , the point determined by the sample
means of X and Y; see also Section 5.2.

The multivariate regression model

For the multivariate case it is more convenient to proceed with the model in matrix notation
(4.3):

y = X3+ u.

Then it is not necessary to write all the sums of squares and products of variables for solving
the minimisation problem to get the OLS estimator. Write the predicted values and residuals
as (n x 1) vectors y and e :

and

As before, the sum of the squared residuals has to be minimised as a function of the K
parameter estimates defined as:

£ (BB Bc) =3

t=1

or in matrix notation:

f (5) =éle. (4.14)
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First, rewrite the function (4.14) as an explicit function of the estimates:

f(B) =ee
=y-¥)(y-¥)

- (v-x8) (%9
=yy—28X'y + BX'X.

This is a quadratic function in 5 . Obtain the first-order conditions by differentiating f (5)

with respect to 5 (See, for example, Johnston and DiNardo (1997) p. 464 for some rules
concerning matrix differentiation.)

of (B)

2 = 92Xy +2X'X3 = 0.
Y ¥

Solving for E immediately gives the normal equations:
X'y = X'X}8. (4.15)

Notice the similarity with the normal equations (4.7) and (4.8) for the bivariate model,
which can be written in matrix notation as:

T Vi3

> Y n > Xt =
t?=11 - 7 til (él) _
> VX, > Xe Y X7 ) \P
=1 f=1 =1

The equations (4.15) consist of K linear equations in K unknown parameters Ek' Because
the explanatory variables Xy are linearly independent we know for the rank of X that
r(X) = K, and r (X'X) = K. Therefore the inverse matrix (X'X)™" exists. Multiply
equation (4.15) by (X'X) ™" on both sides, and the OLS estimator can be written as:

B =(X'X)"'Xy. (4.16)

Notice the similarity of this expression in matrix notation for the entire parameter vector

A3 and expression (4.12) for the parameter El in the bivariate model. Before going on, it is
necessary to check whether this solution is a minimum indeed, by deriving the second-order
conditions:

@ = 2X'X.
opops

The matrix X'X is a positive definite matrix, so the least squares solution determines the
minimum of the function (4.14).
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Notice that 5 is linear in the endogenous (stochastic) variable y, which is important in
analysing the stochastic properties of 3. The vector B3 contains the point estimates of the
parameters 3. Interval estimates will be determined in Chapter 5. The vector (3 is printed
as the first column in the EViews regression output; see Figure 4.4 later.

In Section 5.2, a number of relationships among variables of the model and the OLS
estimator will be considered. These concern relationships that we use at various stages later
in the course or which are useful to know for empirical work. In the following sections,
some properties of the OLS estimator are discussed, after which the computation of the
OLS estimator in EViews will be considered in Section 4.9.

Relationship between disturbances and residuails

In this section, the relationship between the unobserved variable u and the calculated resid-
uals e will be derived. But first a matrix will be introduced for notational convenience that
is often used in analytical considerations of relationships among economic variables. The
matrix expression I, — X (X'X) ~1 X’ is frequently encountered in all kinds of analytical
derivations. Examples that make use of this matrix are also found in this section. For this
reason the notation M x for this expression — which is standard notation for this matrix in
the econometrics literature — is introduced and the properties of M x are determined. The
subscript X is used to show clearly that M x 1s an expression in the matrix X. The matrix
M x has no economic relevance. So, the definition of the (n x n) matrix M x is:

My =1, - X (X'X)"' X/,
and its properties are:

@ My is symmetric and idempotent: Mx = My, MxMx = Mx, which can easily
be checked;

M My is singular, it has rank equal to n — K (see the next section);

® My and the explanatory variables are orthogonal: M x X = 0, which is verified by
computing the product.

The second term in the definition of M is frequently denoted as the matrix P x in the
econometrics literature.

Py =X (X'X)" X,
Sometimes it is convenient to use P x in analytical derivations. Just like M x, the matrix

P x is a symmetric idempotent matrix.
The following two interesting relationships can simply be derived:

e = Myy, (4.17)
&M, 4.18)
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Equation (4.18) means that the residuals are a linear combination of the unknown dis-
turbances. The disturbances are not observed themselves, but a linear combination of the
disturbances is observed. The relationships (4.17) and (4.18) are obtained as follows.

-

e=y-—y
=y-Xp
=y - X(X'X)" X'y
= (1,,,, - X (X'X)? x’) y
= Mxy
= Mx (X8 + u)

eSS qu.

The residuals will be used to test the disturbance-term assumptions. Therefore, we need
to know the distribution of the residual vector e. Under the assumption that u is normally
distributed, e is normally distributed too, because of the linear relation (4.18). In the steps
to obtain expressions for the vector E (e) and the matrix Var (e) the assumption that all the
explanatory variables are exogenous is used explicitly.

E(E) = E(Mxll)

(nx1)
= MxFE (u)
= 0;
Var (e) = Eee’
(nxn)
— EMxuu'My

= My (Fuu’) My
= My (021,) My

=g 3M X
This implies the following sampling distribution for the residual vector e:
€ v N(O, JﬁM;{).

It is a degenerated distribution as the variance-covariance matrix is singular. Notice that
this result has been obtained by using all the assumptions of the classical regression model.
Notice also, that under the assumption that u is homoskedastic and not-autocorrelated, the
residuals e are heteroskedastic and autocorrelated. So, if the covariances of the disturbances
are zero and the variances are identical then this is not valid for the residuals!
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. 45 Estimation of the variance of the disturbance term

One parameter of the linear model has still to be estimated — the variance of the disturbance
term o2. In this section, an unbiased estimator of o2 is derived by using the OLS residuals.
The following result will be proved:

i
~% 1 z: 2
v T K 5t
=1

is an unbiased estimator of o2 :

i From (4.18) it follows that:

n

« N
E €; —e€ee
t=1

= u'Myxu.

Next the expectation E (€'e) is determined by using straightforward matrix algebra. The
notation ¢r (M) means the trace of the matrix M, which is equal to the sum of the elements
of the main diagonal of M.

E (e'e) = E(uMxu)
= E (tr (WMxu)), as u'Mxu is a scalar
= E (tr (M xuu')), cyclical change in the multiplication

= tr (Mx (Fuu’)), as X is exogenous

= tr (Mx (021,)), the disturbance-term assumptions are substituted
= gﬁ -t (MX) ’
o2 (tr (I,) —tr (X (X’ I"&Z)_l X’)) , using its definition

a2 (tr (I,) —tr ((X’ Xy X’X)) . cyclical change in the multiplication
= o2 (tr (I,) — tr (Ik))
=02 (n—K).

This also proves that r (Mx) = n — K, because 7 (Mx) = tr (Mx), as M is an
idempotent matrix (see e.g.: Johnston and DiNardo (1997), p.483). Rewriting the result
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gives:
1
E (n = Ke’e) =5
Define:
1
o2 = — Ke'e
1 TL
_ 2
- n—K E €t
t=1
then it follows that:
E (62) = o2.

The estimator &2 is an unbiased estimator of the disturbance variance 2.

See Section 5.5 for a simpler proof of the unbiasedness of 52, after the distribution of
o2 has been determined. In the regression output of EViews, the value of 7, is printed and
it is called the standard error of regression (S.E. of regression); see Figure 4.4 later.

B Desirable statistical properties of estimators

In this section, we look at some properties of estimators in general, which are considered
as desirable. Then, in the following section, we check whether the OLS estimator has these
properties. Also, the usual notation will be introduced. Knowledge of these properties is de-
sirable when doing empirical research, because one has to know about the interpretation and
quality of the estimation results. In fact, familiarity with basic statistics for econometrics is
essential. This book does not discuss statistics, but some statistical concepts will be outlined
for a better understanding of the econometric methods and their properties. These concepts
are important for reviewing estimation results and writing a research paper correctly.

The introduction will be done for the parameter (35 in the simple bivariate linear model
(1.6):

Y: = 61 4 BoXi + uy.

An estimator is a stochastic variable. The estimator of 35 is written as 32 The estimator Eg
llas a probability distribution which is written as )§;~2. The computation of a point estimate
2 for B2, based on a random sample, is identical to drawing a number from this distribution.
The notation for an estimator and an estimate is identical, but it will be clear from the text
what 1s meant.
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A
E(Bo) = B2

Figure 4.2: The sampling distribution of
B2 : JEE}’ with E(B2) = B2

Unbiasedness

If an estimator Bg has the property that the mean E(Bg) of its distribution function fgﬂ is
equal to the unknown parameter 32, then the estimator is called an unbiased estimator. This
is written as:

E(B:) =

The sampling distribution fﬁ of [32 may look as shown in Figure 4.2.

The difference between the estimate (3 (the draw from the sampling distribution) and the
mean (3, is called the sampling bias or sampling error. If it is possible to take many draws
from this distribution, then the mean value of these draws should be in the neighbourhood
of 33, or the mean of the sampling errors should be close to zero. However, observations on
economic variables, the data, are only realised once, so only one estimate of 2 is obtained.

Efficiency

An estimator is an efficient estimator if, in some well-defined class of estimators (e.g. the
class of linear unbiased estimators), it is the estimator with the smallest variance.

Consistency

The estimator ;32 is a consistent estimator of 5 if the distribution fﬂ collapses at the point
f32 into a straight line when the sample size n goes to infinity. This means that, for increasing
n, the variance of ;32 goes to zero, and in cases where the estimator is biased, the bias also
goes to zero. The distribution of the estimator, like the one in Figure 4.2, becomes narrower
and narrower when 1 increases, and becomes degenerate at the point 3. The usual notation
to show that an estimator is consistent is:

Plim (Ez,n) = Bs.

n—oo
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The notation Eg,n stands for the OLS estimator of (35 applied for a sample with n observa-
tions. P lim stands for probability limit. The series 52,,1 converges in probability to 3o if
n goes to infinity.”

Some properties of the P lim operator are summarised and then used to consider the
(in)consistency of the OLS estimator in Section 4.7. The following rules are valid. Not all
rules hold for the expectations operator F, except when the variables are independent.

Plim (z, + y») = Plim (z,) + Plim (y,)
n—00 n—od n—oo
Plim (:En = yﬂ,) = Plim (3-771) - }:_1}1;3;1 (Yn)

n—00 n—od

Plim (zy, - y,) = Plim (z,,) - Plim (y,)

n—od

Plim (2, /yn) = Plim (z,) / Plim (ya) , if Plim (yn) # 0.

Similar rules can be given for random matrices or vectors, if the multiplication is possible,
and the matrix X is not singular:

e ) ={1g X)Ll W)

-1

Plim (X') = (Plim (X)) , et
n—+00 TL—00

Only minor attention to asymptotic behaviour of estimators is given in this book, as asymp-

totic theory is a topic that is beyond its scope.

The consistency property implies that the estimator 52 itself does not have an asymptotic
distribution. If asymptotic behaviour of the estimator is to be studied, the estimator must

be rescaled and the asymptotic distribution of /n (Ez‘n — ,5’2) is to be determined. This

will not be discussed further; only passive knowledge is needed to understand the practical
implications for the estimation result of some model specifications. (See other econometric
or statistical textbooks for a more theoretical discussion on this topic.) Example 4.1 is given
to illustrate the above introduced concept.

" See the difference between the definition of the concept ‘limit’ and ‘probability limit’. For a deterministic
variable the limit z of the series x,, is defined as: lim =z, = z if for every £ > 0, there is a number N such

00
that
foreveryn > N : |z, — x| < &.
In case the variable x; is a stochastic variable, it can be true that for any £ > 0 with positive probability
|z, — x| > € for all n. Therefore the concept ‘converging in probability’ is introduced. If z,, is a sequence of
stochastic variables, then the x,, converge in probability to a constant = for n — oc if for every € and § > 0,
there is a number NV such that

foreveryn > N : Prob(|z, —x| <e) > 1-4.

The number z is called the ‘probability limit’ (the P lim) of z,,; in notation:

Plim zy = .
11—
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In general, if @, is a consistent estimator of the parameter #, with sampling distribution:
N (6, q/n), then it is easy to show that /n (é; - 9) ~ N (0, g). The estimator f is said
to have an asymptotic normal distribution:

@*ﬁN(e,E).

n

A simple example is the sample mean as estimator of the population mean. If
Z1,Ta,...,Ty is a sample from a normally distributed population with mean p and
variance o2, then it is well-known that the sample mean: T = X 3" ; is distributed as
Z ~ N (u,0?/n) with mean y and variance o /n. Then, according to the above:

Vn(Z —p) ~ N (0,07,

implying:

The distribution and some properties of the OLS estimator

In this section, the distribution of 5 is derived. But first we consider distributions of linearly
transformed stochastic variables (vectors), the results of which will be applied in determining

the distribution of 3. In upcoming analytical derivations the following three transformed
distributions will be used directly when the occasion should arise.

A linear transformation of a stochastic vector

Lety be an (n x 1) random vector, ¢ an (m x 1) vector with constants, and C an (m x n)

matrix with constants. Define the (m X 1) vector z as a linear transformation of y:

z = c + Cy,

then the first two moments of the linear transformed vector z look like:

E(z) =c+C- E(y),
Var(z) = C - Var(y) - C'.

If y is normally distributed, then z is also normally distributed, or more explicitly:
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if
y ~N (ﬂya ny) ;
gnd
z = c + Cy,
then z is distributed as follows:
z~ N (c+ Cp,, CQ,C). (4.19)

For clarification, we consider the following bivariate example. Let two dependently dis-
tributed stochastic variables x and y be given by:

r~N (p,_r,o'i) ,y~N (‘u,y,ag) , and cov (z,y) = 04y
Next look at the distribution of the following linear transformation of these variables:
2 = C1Z¥ + C2Y).

From basic statistics it 1s known that:

z~ N (pz,02), with (4.20)
[y = C1fbz + Cofly (4.21)
aﬁ — cfo*i S cgoﬁ + 2¢10204y. (4.22)

These expressions can be written in matrix notation. Define the vectors ¢’ and p': |

¢=(c1 c2) andp' = (ko py),

and the covariance matrix {2: |

2
n:(j’m’ “)
Ty y

Then the equations (4.21) and (4.22) for p, and ag can be written as follows:

Mz = (C1 Cz) (MI),

Foy
o
Mz = C L,
2
2 Oy Oxy C1
JZ = (Cl C2) ‘ 2 ’
. Ozy Oy C2
o2 = c'Qec.

So the distribution (4.20) of z is written in matrix notation:

z~ N (c'p,c'Qc). (4.23)
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When this result (4.23) is generalised for a multivariate distribution with more than two
variables, we write the distribution of z as shown in (4.19).

Two linear transformations of the same stochastic vector

In the second situation, we have the two (m X 1) vectors z; and z, that are linear functions
of the same stochastic (n x 1) vector y with covariance matrix Var (y) = 2y:

Z1 = C1 + Cly
zo = ¢ + Cyy,

with (m x n) matrices C; and C, with constants. The transformation are written as follows:

(m)=(a)+(c)>

Then the distribution of (z; 22 )’ is:
Z1\ N Ci + C“u,y CIQyC’l ClﬂyC’g
Zo co + Co My ’ ClﬂyC’z CgﬂyC’Q )

A linear transformation of two dependently distributed
stochastic vectors

Finally, consider two stochastic (n. x 1) vectors y; and y» that are dependently distributed

( ) ( ( 1 ) ( 1 5 ) ) ,
3 2 ‘Ly'l , ﬂyl Y2 Qyﬂ

where the (n x n) covariance matrices have been defined as follows.

n‘yl = Vﬂ-?‘ (Y].) 3
ﬂy: == Vﬂ?‘ (y2) )
nyhyﬂ = Cov (}"1: y2) .

We consider two vectors z; and z- that are linear functions of the stochastic vectors y; and
y2, defined as:

Z1 =Cq -+ C1)’1
zy = c2 + Caya,

(2)-(0)+(5 ¢)G)
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Then the distribution of (21 22 )" is:

31) -~ N( C + Cl)u'yl) ( Clﬂmci Clnylsyicfz _
Z3 Ca + 02”3& ’ Clﬂyl.yzcé 0299205

In the next subsection, we encounter a linear Uansfurmﬂ:inn of the vector u with disturbances
when deriving the distribution of the OLS estimator 3.

Unbiasedness and variance of the OLS estimator

By using the notation introduced above, the distribution of 5 will be determined. This
distribution is necessary for computing the standard errors for the individual parameter
estimates. The expectation and the covariance matrix of ,8 will be computed. The distribution
is also used for testing hypotheses concerning possible values of the parameters [i. As
will be seen below, the OLS estimator 3 is an unbiased estimator of 3 with exogenous
explanatory variables. The well-known form used to analyse the properties of 3 is the
expression of 3 in 3 and its sampling error as obtained in equation (4.24).

= (X'X)"" Xy,

= (X'X)"' X' (X8 + u)

= (X'X)'X'X8+ (X'X) ' X'u

= B+ (X'X) X'u. (4.24)

The second term in expression (4.24) (X'X X) ™ X'u is the sampling error of the estimator

,[5' With expression (4.24) the moments of the OLS estimator ﬁ are derived. The vector ﬁ
has been written as a linear transformation of the vector u. By using the distribution (4.19),
the expressions for the mean vector and covariance matrix of 3 are easily obtained.

E (B) =B+ (X'X)"1X". Eu
=B+ (X'X)"'X'-0
= 3.

This proves that the OLS estimator 3 is an unbiased estimator of the parameter vector 3 in
the classical regression model. The covariance matrix is:

Var (ﬁ) — Var ((:»4{*’}()‘1 x’u)
= (X'X)"' X' Var (u) - X (X'X)*
= (X'X)"' X' 0%I, - X (X'X) " (+ Notice!)
o2 (X'X) 7",
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Notice that the disturbance-term assumptions have been substituted above to obtain the
covariance matrix of the distribution (4.25)! The covariance matrix of ,E'] shows that the
estimates of the parameters are usually not independently distributed. So, in the classical

regression model, 3 is an unbiased estimator of 3, and the sampling distribution of ﬁ
is:

B~N (;3, o2 (X"X)‘l) . (4.25)

Once more, notice that this is the sampling distribution of A3 derived for exogenous X, and
it is conditional that all the disturbance-term assumptions are valid. Later on, when we look
at the more general reduced-form model, we will see that these sampling results for the
parameters of the reduced-form model only hold for very large samples or, in other words,
we then have asymptotic results for the OLS estimator.

However, the distribution of ;3 cannot be used directly to compute interval estimates
because it contains the unknown variance o2. By using the estimate 52 for o7, feasible
standard errors of the parameter estimates are computed in practlce but mterva[ estimates
cannot be computed by using the distribution (4.25) because o2 is the parameter of the
distribution and not 2. In Section 5.6, interval estimates are denved by using the Student’s
¢-distribution. The estimated covariance matrix of the parameter estimates is:

-___Fll--._____

Var (5) = B (X’X)"1 , (4.26)

In EViews this matrix is shown in the ‘Equation’ window under ‘View’ with the option
‘Covariance Matrix’. The diagonal elements of 72 (X'X) ~! contain the estimated variances
of the estimates and the elements outside the diagonal are the estimated covariances between
the estimates. Sometimes it is necessary to use the covariances of the parameter estimates
for a statistical test.

The distribution (4.25) can be written for an individual parameter estimate ﬁk as:

Ekw (;Bs2kk)7

where 2% is the k-th diagonal element of (X' X) : superscripts have been used to denote

that they are elements of the inverse matrix. Then the standard errors of Bi (k= L. ou plf)
are written as:

where se stands for ‘standard error’. The standard errors se (Bk) are the square roots of
the elements on the main diagonal of the estimated covariance matrix (4.26). The second
column of the EViews regression output, in Figure 4.4, contains the standard errors se (Ek)
of the estimates Ek,
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The efficiency property of the OLS estimator

The OLS estimator is efficient in the class of linear unbiased estimators. With this property
the OLS estimator is called BLUE (best linear unbiased estimator). In the econometrics
literature, the efficiency theorem in the linear model is called the Gauss—Markov theorem,
which is a historical name. The theorem is proved by showing that the OLS estimator 3 has
a smaller variance than any other linear unbiased estimator 3 of 3. Or, in matrix terms:
the difference between the covariance matrix of 3 and 3 is a positive definite matrix written

R i i

as (Var (B) —Var(B) ).

Define Ef as a different linear unbiased estimator of 3:

B = Cy.

Cisa (K x n) matrix with constants, just as the (K x n) matrix (X' X)X’ of the OLS
estimator. The estimator 3 is unbiased:

EB = 8.
This property implies restrictions on the coefficient matrix C:

= E (Cy)
E(C(XB+u))
= FE(CXp3 + Cu)
= CXpg3+ CFEu
CXg.

S
[
I

I

e

(3 is an unbiased estimator if
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For the covariance matrix of 5 one finds:

Var (5) = Var (CX3 + Cu)

= Var(Cu)

= C-Var (u)-C'*
= C.021,-C’

=2 CC.

Remember the expression of the covariance matrix of the OLS estimator
Var (Za“) = (XX .

Look at the difference of (X’X) ™" X’ and C to link the two covariance matrices. Define
this difference as the (K x n) matrix D:

D=C-(XX)"'X
or
C=(XX"X'+D.
By using CX = I the following property of the matrix D is derived:

(X'X) ' X'X + DX =Ix
Ix + DX =1Ig
DX = 0.

Using this property yields:
/
CC' = ((X’X)‘l X'+ D) (x%)" X'+ D)
= (X'X)"' X'X (X'X)"" + DD/
= (X'X)"' + DD".

So the difference between the (K x K) matrices CC' and (X'X) ™ ! is the positive definite
matrix DD’. Hence:

Var (5) = g2CC'
— o2 ((X’X)“1 + DD’)
= Var (B) + 02DD'.

]

The difference Var (5) — Var (,6) is equal to the positive definite matrix o:DD’,

which means that the OLS estimator has the smallest variance in the class of linear
unbiased estimators. The OLS estimator is an efficient estimator in that class. Then the
OLS estimator is called BLUE: best linear unbiased estimator.
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The consistency property of the OLS estimator

Asymptotic theory is not a topic in this book, but with the concept of consistency and
the P lim operator as introduced in Section 4.6 we are able to look at the large sample
properties of estimators. (See the statistical literature or any of the references to more
theoretical econometric textbooks, for a more detailed discussion on this subject.)

To prove the consistency of the OLS estimator, the following additional assumptions are
made about the covariances of the explanatory variables. The (K x K ) matrix with sample
moments of the explanatory variables (with respect to zero) is (X'X) /n. To be clear, the
matrix is written in more detail (all summations run from 1 till n):

(ﬂ. ZXtQ EXtS ZX!‘.K \
S X2 Y X5 PIP. €19, NN PP. €57, €7
1 1
EXIX =£ EXtS Z thth Z Xi:23
\T % T XaXig . o TXZ )

A necessary requirement is that all the elements of the matrix converge to finite constants
for increasing n. The matrix (X'X) /n converges to a matrix €2 x x that has elements equal
to population moments, in the case of random variables, or equal to finite constants in the
case of deterministic variables. This distinction is elaborated in Examples 4.2—4.4. The
usual notation for this property is:

n—oo ')

1
P lim (—XFX) —= ﬂxx.

And because of the properties of the probability limit mentioned in Section 4.6, the P lim
of the inverse matrix is the inverse of the P lim:

n—oc T

=1
Plim (lx’x) =05 .

Further, consider the (K x 1) vector (X'u) /n with sample covariances (with respect to
zero) of the explanatory variables and the disturbance term.

(2ue
Z e X2
lX"u :l Eutth

\Z ur Xk /
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The K elements of this vector are the sample covariances between the explanatory variables
(X5) and the disturbance term (u.) . If the disturbance term and the explanatory variables
are independently distributed, then these covariances converge to zero for increasing n:

P lim (lX’u) = 0. (4.27)

n—o0 n

Otherwise some of the elements are finite constants unequal to zero:”

Plim (%X’u) =q. (4.28)

n—00

Three examples (Examples 4.2—4.4) concerning the large sample properties of the OLS
estimator will be given, that are in accordance with the three types of models that were
introduced in Section 4.1:

B the classical regression model,
W the reduced-form model, and
W the structural form model.

In this example, we consider the classical regression model, where all the explanatory
variables are exogenous, so expression (4.27) is valid. The following result for the OLS
estimator is obtained. The starting-point is again the expression

B=p8+XX)"Xu

Next compute the probability limit P lim En.

T—+00

Plim 3, = B+ Plim ((X’X)‘l x’u)
n—o0

T—r0o0
“ 1 f _1 1 !
— B+ Plim | (-X'X) -(=Xu
n—00 mn T

=
' 1
= B+ Plim (%X X) . Plim (—X’u)

T—300 Nn—00 TL
_ -1
— ﬁ
The OLS estimator is consistent.

We clearly see that the crucial prerequisite for [ to be consistent is that the explanatory
variables and the disturbance term are independently distributed.
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If lagged dependent variables are included as explanatory variables, the OLS estimator is
biased but it is still a consistent estimator. In this case, only asymptotic properties of the
estimation result can be obtained. To demonstrate these properties of the OLS estimator
we look at the following dynamic model

Y, = b1 + B2 Xt + B3Ys1 + us, ug ~ NID (0,02) forall t.

The expression B=p+ (X'X)~" X'u of the OLS estimator for this specific equation
is written below:

B\ (B (n  TX  TYa \ [(Zu
Gel=1|B|+]|2XX XX ¥, Xe¥-q > Xiuyg
53 fs YY1 XY ) 1/;2—1 Y Y 1wy

Look at the expectation of E to see whether the OLS estimator is unbiased or not.

B B n X TYa \ {(Twu
E|lp|=|6|+E|XX S X? Y. XY > Xy
Bs B3 Y Ya Xi¥ia XY, > Y 1wy

Because of contemporaneous non-zero correlations between elements of the matrix
(X'X) ! with elements of the vector X'u (the matrix/vector elements contain all the
observations because of the summations) the expectations operator cannot be moved into
the last column. This implies biased results in small samples.

However, property (4.27) is still valid because Y;_, and u; are independently dis-
tributed. The OLS estimator is still consistent. For a first course it is sufficient to estab-
lish the conclusion that all the results are asymptotic now. This has to be mentioned in
a reséarch paper too, when the estimated model is not a classical regression model. To
show the consistency property, the probability limit of 3 is determined:

N 1
b B L[ > X: Y Y

Plim | g, | =] f2 | + Plim = X DX Y XY
Ba B3 Y XX YUY

%Zut
x P lim %ZX{I& y
%Zn—l‘ut

n—oc




The distribution and some properties of the OLS estimator Y & §

then it follows that:
51 B 0 B
Pum | bz ) = Bo | +Qxx - | 0] = | B
B3 B3 0 B3

TL

The variables Y; and u; are dependently distributed but Y;_; and u; are independently
distributed, so the OLS estimator is still a consistent estimator.

Finally, we consider the model with endogenous explanatory variables, then the OLS
estimator is inconsistent as property (4.28) is valid instead of property (4.27).

=)
Plim 3, = B+ Plim (1X'X) + Plim (iX'u)
n—00 n—r0o0 T n—00 T
=B+ Q%X q
# B.

At least one element of the vector q is not equal to zero. In this situation, the use of
another and consistent estimator is necessary, as will be introduced in Chapter 9. In this
example, the most simple Keynesian model is used again. The structural equations are:

Ci = P1 + B2Y: + uy
Y: = C; + 1;.

Consumption (C;) and income (Y}) are assumed to be endogenous variables and invest-
ment (I;) an exogenous variable. In the consumption equation the income variable (Y)

is an endogenous explanatory variable. The inconsistency of the OLS estimator 32 will
be demonstrated in this example.

The relationship between Y; and u; is easily observed in the reduced-form equation for
income. Reduced-form equations are the model solutions for the endogenous variables
(they are expressed in the exogenous and lagged dependent variables) as introduced in
Section 1.5. The reduced-form equation for income is:

ﬁl 1 Uy
= + I + ,
1—-f 1= " 1-p

Yy

which shows that u; is related to Y;.
It is not difficult to compute the covariance between Y; and

E((Y; — EY:) (ue — Ew)).
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First find an expression for the first term:

| 34 1
EY, = 5 E,
TI=0 105
S0:
2 En_l*ﬁz'

Substitute this term and evaluate the covariance between Y; and u;:

B (% - BY:) (u - Bu)) = B (12 ) w)

2
Oy,

1— 02

Next we observe that the OLS estimator is inconsistent.

: By _ (5 -1 . P 2 Ut
i (3) = (&) +oe i (155,
_ (5 1 0
_(52)+QX2{ (03(1—/32)_1)
(A c1
-(2)+(a)

The inconsistencies c; and ¢y are the result from the matrix multiplication

w 0
- (20 2 gyt )

In the Examples 4.2—4.4, properties of the OLS estimator have been established for
the three different types of models. The relevance of this knowledge for empirical work is
evident. A summary of the results is given below.

# The classical regression model
The linear model has exogenous explanatory variables, which are considered as
deterministic variables in the equation: the OLS estimator is unbiased, consistent
and efficient in the class of linear unbiased estimators.

# The reduced-form model
The linear model has exogenous and lagged dependent explanatory variables: the
OLS estimator is biased, consistent and asymptotically efficient (in the class of linear
consistent estimators). The properties of the OLS estimator are interpreted for large
samples. The bias goes to zero for increasing sample size.
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# The structural model
The linear model has exogenous, lagged dependent and endogenous explanatory
variables: the OLS estimator is biased and inconsistent. Another estimator has to be
used to obtain at least consistent estimation results.

. 48 Maximum likelihood estimation

In following chapters, the maximum likelihood (ML) estimator will occasionally be referred
to. ML is a general statistical principle to estimate the parameters of (non-)linear models.
See any statistical/econometrics textbook, for example, Cramer (1989), to become familiar
with ML estimation procedures. In this section, a short description concerning the ML
principle is given for the general linear model. For estimating the parameters with ML,
some specific probability distribution needs to be assumed for the disturbance term. As
usual, the assumption will be made that the disturbances are normally distributed.

y = XB+u,withu~ N (0,071,) .

The multivariate density function for the 