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Abstract

The autocorrelation is one of the important problems that occur during fitting multiple
linear regression models to data. The problem of autocorrelation needs further study and
research in many economic areas, with model assumptions, and the violation of the
assumptions of regression models affects the efficiency of the model estimation.
Therefore, it was necessary to making a comparison between detection and remedy
methods to solve this problem. In this study we conducted a comparison between the
most important detection and remedy methods of autocorrelation using quarterly
National Accounts in Palestine, from January 1997 until October 2010 , and based on
some statistical tests in detecting the problem of autocorrelation such as Durbin-Watson
test, Breusch-Godfrey test and Box-Ljung test, and methods of remedy using GLS,
Cochrane-Orcutt and Prais-Winsten transformations. It turned out through the diagnosis
model that the autocorrelation follows the model AR (1). The best way to detect the
problem of autocorrelation in National Accounts regression model proved to be the
method of Durbin-Watson and the model AR (1). The best method to remedy the data to
eliminate the problem of autocorrelation in our data proved to be the method of PraisWinsten. We recommend that researchers in the field of economics and statistics based
on our study to use the Durbin-Watson autocorrelation to the AR (1) model.
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ملخص
يعتبر االرتباط الذاتي احد المشاكل الميمة التي تحدث خالل التنبؤ بنماذج االنحدار الخطي المتعدد  ،إن مشكمة
االرتباط الذاتي من المشاكل التي بحاجة الى المزيد من الدراسة والبحث في العديد من المجاالت االقتصادية  ،وىذا
االنتياك الفتراضات نموذج االنحدار يؤثر عمى كفاءة النموذج في التقدير ،لذا كان ال بد من التطرق إلى طرق
اكتشاف ىذا االنتياك والمقارنة بينيا وتحديد افضل طريقة إلكتشاف مشكمة االرتباط الذاتي ،وطرق عالج ىذه
المشكمة والمقارنة بينيا وتحديد افضل طريقة لعالج مشكمة االرتباط الذاتي.
وفي ىذه الدراسة اجريت مقارنة بين اىم طرق اكتشاف مشكمة االرتباط الذاتي ومقارنة ين طرق عالج المشكمة
وتمت الدراسة باستخدام حسابات الناتج القومي الربعية في فمسطين من يناير 7991م حتى اكتوبر 0272م ،
وباالعتماد عمى بعض االختبارات االحصائية في اكتشاف مشكمة االرتباط الذاتي مثل اختبار Durbin-Watson
واختبار  Breusch-Godfreyو اختبار  ، Box-Ljungوطرق عالج باستخدام طرق تصحيح البيانات مثل
. Prais-Winsten ، Cochrane-Orcutt ، GLS
واتضح من خالل تشخيص النموذج أن االرتباط الذاتي يتبع النموذج ) ، AR(1وتم الحصول عمى افضل طريقة
الكتشاف مشكمة االرتباط الذاتي في نموذج االنحدار الخاص بحسابات الناتج القومي ىي طريقة اختبار Durbin-
 Watsonوذلك لنموذج ) ، AR(1والحصول عمى افضل طريقة لتصحيح البيانات لمقضاء عمى مشكمة االرتباط
الذاتي وىي تصحيح .Prais-Winsten
وختاماً ،نوصً الباحثٍن فً المجال االقتصادي واالحصائً باالعتماد على طزٌقة  Durbin-Watsonفً اكتشاف
االرتباط الذاتً الذي ٌتبع النموذج ). AR(1
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Chapter 1
Introduction
The regular multiple regression model assumes that the random-error
components are independent observations over time. However , this assumption
is often not appropriate for business and economic data. Instead , it is more
appropriate to assume that the error terms are positively correlated over time.
These are called autocorrelated or serially correlated data.
Consequences of the error terms being serially correlated include inefficient
estimation of the regression coefficients , underestimation of the error variance
Mean Square Error (MSE), underestimation of the variance of the regression
coefficients, and inaccurate confidence intervals.
The presence of serial correlation can be detected using some tests including the
Durbin-Watson test and through plotting the residuals against their lags.
1.1-

The Data:

Data used in this study is a time series which represent the quarterly scores of
the Palestine National Accounts . The number of observations is 56 . This study
will depend on the time-series data of the Palestinian economy, which is
presented in form of the Quarterly data for the period from the first quarter of
1997 to the fourth quarter of 2010. Quarterly Data was collected for Each of real
GDP, and the number of workers full employment, according to data of the
Central Bureau of Statistics, and The Palestinian Monetary Authority PMA data.
The data are published in Palestinian Central Bureau of Statistics PCBS (2012a,b), PCBS (2011-a:b) and Palestinian Monetary Authority PMA (2011) .
1.1.1– Palestine National Accounts:
In particular it uses national accounts data to show important findings about
households and governments, including important new series on Gross domestic
product GDP , Inflation , Imports , Exports , Labor , Direct credit facilities.
The GDP is the sum of the monetary values of goods and services produced
during a certain period of time, GDP at constant prices has been used in order to
reverse the growth in real GDP. Due to the lack of data on the gross domestic
product and one-year basis, the researcher relied on the data from the first quarter
of 1997 until the fourth quarter of 2003 with the year basis in 1997, while the
data from the first quarter of 2004 up to the four quarter of 2010 was the base
year 2004 , GDP is our response variable , In economics. Our Explanatory
variables are : (1) Labor : This element is the number of workers in full
employment within the Palestinian economy. It is intended that the full
employment worker to work 35 hours or more during the week, according to the
definition by the Central Bureau of Statistics , the labor is a measure of the work
1

done by human beings. It is conventionally contrasted with such other factors of
production as land and capital. There are theories which have developed a
concept called human capital , although there are also counter posing macroeconomic system theories that think human capital is a contradiction in terms. (2)
Inflation : is a sustained increase in the general price level of goods and services
in an economy over a period of time. When the general price level rises, each
unit of currency buys fewer goods and services. Consequently, inflation reflects a
reduction in the purchasing power per unit of money a loss of real value in the
medium of exchange and unit of account within the economy. A chief measure of
price inflation is the inflation rate, the annualized percentage change in a general
price index over time. (3) Exports : The term export means shipping the goods
and services out of the port of a country. The seller of such goods and services is
referred to as an "exporter" who is based in the country of export whereas the
overseas based buyer is referred to as an "importer". In International Trade,
"exports" refers to selling goods and services produced in the home country to
other markets. (4) Direct credit facilities: A type of loan made in a business or
corporate finance context. Specific types of credit facilities are: revolving credit,
term loans, committed facilities, letters of credit and most retail credit accounts.
(5)Imports: An import is a good brought into a jurisdiction, especially across a
national border, from an external source. The purchaser of the exotic good is
called an importer. An import in the receiving country is an export from the
sending country. Importation and exportation are the defining financial
transactions of international trade.
1.2-

Research problem:
One of the problems of the regression models is the autocorrelated disturbances
in error terms. It is well known that, most economic and financial data are linear,
and the violation of independence of the residuals assumption exist, when we fit
multiple linear regression models. The results of prediction using this method are
inaccurate and do not give an appropriate view of the data. This is because there
are violations in the linear model assumptions , such as autocorrelated
disturbances. The main problem in this study is the existence of autocorrelated
disturbances in regression models and how to deal with them.

1.3-

Research objective:
The main goal is to conduct a comparative study of detection and remedy
techniques for autocorrelated disturbances in regression models.
The goals of this research can be split into two main issues. First: finding the best
technique for detecting the autocorrelated disturbances. Second: finding the best
technique for remedy of the autocorrelated disturbances in regression models.

1.4-

Research Methodology :
In this study we are going to apply different methods of detection and remedy
techniques on our data set and conduct a comparison between the results of the
2

different methods in order to determine which is the best to use in similar
situations. Methods used are: Durbin-Watson test , Breusch-Godfrey Test , The
Box-Ljung test , GLS transformation , Cochrane-orcutt transformation and PraisWinsten transformation. We used R-statistical Programing and the “gretl”
Program .
1.5-

Literature review:
In this section we discuss briefly some previous studies which conducted
comparison between the detection methods and remedy methods of
autocorrelated disturbances, particularly in economic data.
 Cúrdia and Reis (2010). The dynamic stochastic general equilibrium
(DSGE) models used to study business cycles typically assume that
exogenous disturbances are independent first-order autoregressions .The
paper relaxes this tight and arbitrary restriction by allowing for
disturbances that have a rich contemporaneous and dynamic correlation
structure. The author's contribution is a new Bayesian econometric
method that uses conjugate conditionals to allow for feasible and quick
estimation of DSGE models with correlated disturbances. The second
contribution is a reexamination of U.S. business cycles. He found that
allowing for correlated disturbances resolves some conflicts between
estimates from DSGE models and those from vector autoregressions and
that a key missing ingredient in the models is countercyclical fiscal
policy. DSGE modelling has made great studies in the last decade, in
particular in the area of estimation and statistical inference. Because this
work is in its infancy, there are still some clear holes in our knowledge
that must be filled. This paper identified one of these holes: the strong
and incredible restrictions that models typically place on the exogenous
disturbances. Using well-known points in simultaneous-equation
econometrics, the author argued that these restrictions could severely
hamper the model's ability to fit the data and severely bias inferences on
key parameters and model predictions. The authors proposed the
alternative of allowing for correlated disturbances, in the tradition of
(Zellner , 1962).
The main obstacle to allowing for correlated disturbances is that it
introduces a large number of nuisance parameters. They proposed a new
method for estimating DSGE models, based on using conjugate families
for some conditional posterior distributions. The algorithm is also valid
and useful with uncorrelated disturbances, and with correlated
disturbances it makes previously infeasible estimation now possible.
 Hidalgo and Robinson (2001) The authors showed that it is possible to
adapt to nonparametric disturbance autocorrelation in time series
regression in the presence of long memory in both regressors and
disturbances by using a smoothed nonparametric spectrum estimate in
frequency-domain generalized least squares. When the collective memory
in regressors and disturbances is sufficiently strong, ordinary least
squares is not only asymptotically inefficient but asymptotically non3

normal and has a slow rate of convergence, whereas generalized least
squares is asymptotically normal and Gauss-Markov efficient with
standard convergence rate. Despite the anomalous behavior of
nonparametric spectrum estimates near a spectral pole , the authors
justified a standard construction of frequency-domain generalized least
squares, earlier considered in case of short memory disturbances. A small
Monte Carlo study of finite sample performance is included.
 Rois, et al. (2012): This paper contends that the lagged dependent
variable specification is too problematic for use in most situations. More
specifically, if residuals autocorrelation is present in a dynamic equation
where lagged values of the dependent variable appear as regressors,
Ordinary least squares (OLS) estimates are biased and generally
inconsistent. For this reason it is important to have available tests against
autocorrelation, particularly when it is a dynamic model. The BreuschGodfrey (BG) test is the most appropriate test in the presence of
stochastic regressors such as lagged values of the dependent variable for
higher order autocorrelation, which is asymptotically equivalent to the
Durbin-Watson h test for first order autocorrelation. But Durbin h test is
not applicable for second or higher order autocorrelation. Moreover these
existing tests are not suitable for one-sided higher order autoregressive
schemes. Whenever the sign of the parameters are known of an
econometric model, usual two-sided tests are no longer valid. In this
situation, the authors proposed a distance-based one-sided Lagrange
Multiplier (DLM) test, a likelihood based test, to test one-sided
alternative. Monte Carlo simulations are conducted to compare power
properties of the proposed DLM test with the BG test. It is found that the
DLM test shows substantially improved power than two-sided
counterparts for most of the cases considered.
 McCulloch(2011): A Moment Ratio Estimator is proposed for the
parameters of an Autoregressive (AR) model of the error in an Ordinary
Least Squares (OLS) linear regression. Although it is computed from the
conventional residual autocorrelation coefficients, it greatly reduces their
bias, and provides corrected standard errors with far less bias and
confidence intervals with far less size distortion than conventional
alternatives. But is more easily computed and provides smaller standard
error bias in most cases.

The presence of a unit root in the errors, and therefore the absence of a co
integrating relationship, requires reposing the problem, but does not by
itself indicate that an OLS correlation between the variables is spurious.
Hypothesis testing is standard, provided it is based on squared quasidifferenced residuals, and not on the squared residuals themselves. An
exact unit root test similar to that of Andrews (1993) is implemented for
the AR(1) case. It is observed that despite their consistency, the popular
Heteroscedasticity and Autocorrelation Consistent HAC standard errors
of Newey and West (1987) can greatly overstate the precision of OLS
4

coefficient estimates with sample sizes and serial correlation commonly
found in economic studies when, as has become standard, “automatic
bandwidth selection” is employed.
 Hafner and Wang(2008): This paper considers the impact of ordinary
least squares (OLS) detrending and the ﬁrst diﬀerence (FD) detrending on
autocorrelation estimation in the presence of long memory and
deterministic trends. The Author show that the FD detrending results in
inconsistent autocorrelation estimates when the error term is stationary.
Thus, the FD detrending should not be employed for autocorrelation
estimation of the detrended series when constructing e.g. portmanteautype tests. In an empirical application of volume in Dow Jones stocks,
The Author show that for some stocks, OLS and FD detrending result in
substantial diﬀerences in ACF estimates.
 Hansen(2003): In this paper, the researcher explored FGLS estimation in
data with a grouped structure where the groups may be autocorrelated and
present a simple method for obtaining the FGLS estimates which will be
valid as the number of individual observations within each aggregate cell
grows large. The Author focus on the case where the group level shock
follows an AR(p) process. In this case, standard estimates of the AR
coefficients will typically be biased due to the incidental parameters
problem. The Author offer a simple bias correction for these coefficients
which will be valid in the presence of ﬁxed effects or other variables with
coefficients that vary at the group level. The usefulness of FGLS and the
derived bias-correction for the AR parameters is demonstrated through a
simulation study based on data from the CPS-MORG. The simulation
results show that the proposed bias-correction removes a substantial
portion of the bias from the AR parameter estimates. The results also
demonstrate that tests based on FGLS using bias-corrected AR parameter
estimates have approximately correct size. In addition, the simulations
conﬁrm that the FGLS-based tests have much higher power and yield
much shorter conﬁdence intervals than their OLS-based counterparts.
1.6-

Organization of the thesis :
In the next chapter (Chapter 2) we discuss in details assumptions of linear
regression models and violations. In chapter 3 we will discuss the detection and
remedy techniques of autocorrelated disturbances in regression models. Chapter
4 is divided into three parts:


First part provides a description of the data.



Second part contains a comparison to select the best detection method of
autocorrelation in disturbances.



Third part contains a comparison to select the best remedy method for the
autocorrelation problem in disturbances.
In Chapter 5 presents some conclusions, recommendations, and suggest
some prospective topics for further research.
5

Chapter 2
Assumptions and Problems in Regression Models
2.1- Introduction:
Linear regression is one of the most important topics in statistics that can be
applied in economics and social sciences fields. The most popular method for
the estimation of the model parameters is the Least Squares Estimates (LSE)
because it gives us the Best Linear Unbiased Estimators (BLUE) under some
strict assumptions.
2.2- Assumption of the Linear Regression LR Model :
1. The regression model is linear in the parameters, as
n

Y i   0   i X i  u i

(2.1)

i 1

2. X values are fixed in repeated sampling: Values taken by the regressor X are
considered fixed in repeated samples. More specifically , X is assumed to be nonstochastic.
3. Zero mean value of disturbance ui: Given the value of X, the mean, or expected,
value of the random disturbance term ui is zero. Technically, the conditional
mean value of ui is zero. Symbolically, we have
E (u i / X i )  0
(2.2)
4. Homoscedasticity or equal variance of ui: Given the value of X, the variance of
ui is the same for all observations. That is, the conditional variances of ui are
identical. Symbolically, we have

var(u i / X i )  E u i  E (u i / X i )

2

 E (u i2 / X i )
because of Assumption 3
= σ2
where var stands for variance.
5. Zero covariance between ui and Xi, or E (u i X i )  0 . This means that the error
terms (disturbances) one independent of X values . Formally,
cov(u i , X i )  E u i  E (u i )  X i  E (X i ) 
 E u i (X i  E (X i ))  sin ce E (u i )  0
E (u i X i )  E (X i )E (u i ) sin ce E (X i ) is nonstochastic
 E (u i X i ) sin ce E (u i )  0
 0 by assumption
6. The number of observations n must be greater than the number of parameters to
be estimated. Alternatively, the number of observations n must be greater than
the number of explanatory variables.

6

7. Variability in X values. The X values in a given sample must not all be the same.
Technically, var (X) must be a finite positive number.
8. The regression model is correctly specified. Alternatively, there is no
specification bias or error in the model used in empirical analysis.
9. There is no perfect multicollinearity. That is, there are no perfect linear
relationships among the explanatory variables.
10. No autocorrelation between the disturbances. Given any two X values,
X i and X j (i  j ) , the correlation between any two ui and uj (i  j ) is zero.
Symbolically,



cov(u i ,u j / X i X j )  E u i  E (u i )  / X i  u j  E (u j )  / X j 
 E (u i / X i )(u j / X j )  0
where i and j are two different observations.
11.The random X model requires both the conditional and marginal distributions
of each variable are normal.
(Gujarati , 2004)

2.3 - Violations of the assumption of the LR Model :
If the populations from which data to be analyzed by linear regression
were sampled violate one or more of the linear regression assumptions , the
results of the analysis may be incorrect or misleading. For example, if the
assumption of independence is violated, then linear regression is not appropriate.
If the assumption of normality is violated, or outliers are present, then the linear
regression goodness of fit test may not be the most powerful or informative test
available, and this could mean the difference between detecting a linear fit or not.
A nonparametric, robust, or resistant regression method, a transformation,
a weighted least squares linear regression, or a nonlinear model may result in a
better fit. If the population variance is not constant, a weighted least squares
linear regression or a transformation may provide a means of fitting a regression
adjusted for the inequality of the variances. Often, the impact of an assumption
violation on the linear regression result depends on the extent of the violation.
Some small violations may have little practical effect on the analysis, while other
violations may render the linear regression result uselessly incorrect or
uninterpretable.

2.3.1- Nonlinearity in parameters:
The first assumption is that the LR model is linear in the parameters; they may or
may not be linear in the variables. The model is linear in the parameters as well
as the variables is a linear regression model and so is a model that is linear in the
parameters but nonlinear in the variables. On the other hand, if a model is
nonlinear in the parameters it is a nonlinear regression model whether the
variables of such a model are linear or not. However, one has to be careful here,
for some models may look nonlinear in the parameters but are inherently or
intrinsically linear because with suitable transformation they can be made linearin-the-parameter regression models. But if such models cannot be linearized in
the parameters, they are called intrinsically nonlinear regression models. From
7

now on when we talk about a nonlinear regression model, we mean that it is
intrinsically nonlinear. For brevity, we will call them Non Liner Regression
Models (NLR) .
2.3.2- Stochastic Regressors and Nonzero covariance between disturbances
and regressor:
Regression analysis depends on the assumption that the regressors are nonstochastic and take Constant values in repeated sampling. There is a good reason
for this strategy. Unlike scientists in the physical sciences ,economists generally
have no control over the data they use. Mostly ,economists depend on secondary
data , i.e. data collected by someone else, such as governmental organizations
and non-governmental organizations. NGO's. However, the practical strategy to
follow is to assume that the problem is simple and given the values of the
explanatory variables in spite of random variables themselves may be pivotal
stochastic, or random. Thus, the results of the regression analysis are conditional
on the specified values. But suppose that we cannot consider X's as a nonstochastic or fixed. This is the case of random variables or stochastic regressors.
Now the situation involved to some extent. The ui, through the assumption, and
stochastic. If the X's are also stochastic, then we must determine how the X's and
the ui distributed . If we are willing to make the assumption that " If the X’s are
stochastic, the disturbance terms and the (stochastic) X’s are independent or at
least uncorrelated X" , although random, and distributed independently, or at
least uncorrelated with ui , then for all practical purposes we can continue
working as if the X's were non-stochastic. (Kmenta , 1986) Decided the
following: "Thus, relaxing the assumption that X is non-stochastic and replacing
it by the assumption that X is stochastic but independent of [u] does not change
the desirable properties and feasibility of least squares estimation."
2.3.3- Nonzero mean of ui :
The k-variable linear regression model is:

Yi  0  1 X1i  2 X 2i  3 X 3i 

 k X ki  ui

(2.3)

We assume that

E (u i / X 1i , X 2i , X 3i , , X ki )  w i

(2.4)

Where w is a constant; note in the standard model wi = 0, but now we let it be
any constant. Using the conditional expectation of (2.3), we obtain
E (Y i / X 1i , X 2i , X 3i , , X ki )  0  1X 1i   2 X 2i  3X 3i    k X ki  w

 (  0  w )  1X 1i   2 X 2i  3X 3i    k X ki

(2.5)

   1X 1i   2 X 2i  3X 3i    k X ki
where α = (β0 + w).
Therefore, if the assumption Zero mean value of ui is not fulfilled, we see that we
can not estimate the original intercept β0 , what we obtain is α, which contains
the β0 and E(ui) = w. shortly, we obtain estimates biased for β0.
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In many cases, the intercept term, β1, has little importance, and the quantities of
the most obvious is the regression coefficients, which are still affected even if
Assumption violated.
2.3.4- Heteroscedasticity :
An important and critical assumption of LR models is that the disturbances that
appear in the ui of the population regression function are homoscedastic, meaning
that they have all the same variance σ2. If this assumption is not satisfied, there is
heteroscedasticity.
Heteroscedasticity does not destroy the unbiasedness and consistency properties
of Ordinary Least Squares OLS . But these estimators are no longer minimum
variance or efficient. This means that it is not Best Linear Unbiased Estimator
BLUE. The BLUE estimators as long as the method of weighted least squares
method, as long as the heteroscedastic error variances, σ2i, are known.
In the presence of heteroscedasticity, the variances of OLS estimators are not
provided by the usual OLS formulas. But if we continue to use the usual OLS
formulas, the t and F tests based on them can be highly misleading, leading to
wrong conclusions. There are several diagnostic tests available, but one can not
tell for sure which will work in a particular case.
Even if the disclosure of the suspects heteroscedasticity, it is not easy to correct
the problem. If the sample is large, one can get on the White's heteroscedasticity
corrected standard errors of OLS estimators and conduct statistical inference
based on these standard errors Otherwise, based on the residuals of OLS, one can
be educated guesses of the likely pattern of heteroscedasticity and transform the
original data in such a way that clean the data from heteroscedasticity.
(Gujarati , 2004)

2.3.5- Sample observations less than the number of regressors:

This assumption is not so innocuous as it seems. In the hypothetical example,
imagine that we had only the first pair of observations on Y and X (x1,y1). From
this single observation there is no way to estimate the two unknowns, β0 and β1.
We need at least two pairs of observations to estimate the two unknowns.
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2.3.6- Insufficient variability in regressors:

This assumption too is not so innocuous as it looks. Looking at this equation:
n XY  X
Y
ˆ1   i i2  i 2 i
n X i  ( X i )


 ( X  X )(Y  Y )
(X  X )
i

i

2

i

And assuming that all the X values are identical, then Xi = X and the
denominator of that equation will be zero, making it impossible to estimate β1
and therefore β0.
2.3.7- Specification bias:
The classical econometric methodology assumes implicitly, if not explicitly, that
the model used to test an economic theory is “correctly specified.” This
assumption can be explained informally as follows. An econometric investigation
begins with the specification of the econometric model underlying the
phenomenon of interest.
2.3.8- Multicollinearity:
One of the assumptions of LR models is that there is no multicollinearity
between the explanatory variables, the X’s. widely interpreted, multicollinearity
refers to the situation where there is any relationship or just almost exactly linear
between the X variables .
The consequences of multicollinearity are as follows: If there is perfect
collinearity among the X’s, their regression coefficients are non-specific and
their standard errors are not defined. If collinearity is high but not perfect,
estimation of regression coefficients is potential but their standard errors tend to
be large .As a result, the population values of the coefficients cannot be estimated
accurately. However, if the goal is to estimate linear combinations of these
coefficients, the estimable functions can be done even in the presence of perfect
multicollinearity.
Although there are no accurate methods to detect collinearity, there are several
indicators of it, which are as follows:
(a) The explained sign of multicollinearity when R2 is very high, but none of the
regression coefficients is statistically significant on the basis of the traditional t
test. This case is, an multicollinearity extreme one.
(b) Can be in the models involving only two explanatory variables, which is a
good idea to some extent of collinearity that can be obtained by examining the
zero order, or a simple correlation coefficient between the two variables.
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(c) However, the zero-order correlation coefficients can be misleading in models
involving X variables for more than two , it is possible to below zero-order
correlations after the discovery of high multicollinearity. In such cases, one needs
to consider the partial correlation coefficients.
(Gujarati,2004)
(d) If the R2 is high but partial correlations are low, multicollinearity is a
possibility. Here one or more of the variables or unnecessary. However, if R2 is
high and the partial correlations are also high, may not be easy to detect
multicollinearity.
(e) One may regress each of the Xi variables on the remaining X variables in the
model and find out the corresponding coefficients of determination R2i. A high
R2iwould suggest that Xi is highly correlated with the rest of the X’s. Thus, one
may drop that Xi from the model, provided it does not lead to serious
specification bias.
Detecting multicollinearity is half the battle. It is the other half with how to get
rid of the problem. Again, there are accurate methods but Only a few rules of
thumb. Some of these rules are as follows: (1) using extraneous or prior
information, (2) combining cross-sectional and time series data, (3) omitting a
highly collinear variable, (4) transforming data, and (5) obtaining additional or
new data. Of course, which of these rules will be work in practice will based on
the nature of the data and severity of the collinearity problem.
We noted the role of multicollinearity in the prediction, and noted that unless the
structure of collinearity continues in the future sample it is hazardous to use the
estimated regression that has been plagued by multicollinearity for the purpose
of forecasting.

2.3.9- Non-normality of disturbances:
This assumption is not essential if our goal is estimation only, the OLS
estimators are BLUE regardless of whether the ui are normally distributed or not.
With the normality assumption, however, we can establish that the OLS
estimators of the regression coefficients follow the normal distribution, that
(n  k )ˆ 2 /  2 has the χ2 distribution, and that one could use the t and F tests to
test various statistical hypotheses regardless of the sample size.
But when the ui are not normally distributed we rely on the following extension
of the central limit theorem; recall that it was the central limit theorem we
invoked to justify the normality assumption in the first place:
"If the disturbances ui are independently and identically distributed with zero
mean and constant variance σ2 and if the explanatory variables are constant in
repeated samples, the OLS coefficient estimators are asymptotically normally
distributed with means equal to the corresponding β’s.
(Theil ,1978)
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Therefore, the usual test procedures - the t and F tests are still valid
asymptotically, that is, in the large sample, but not in the finite or small samples.
Economists, who often do not have the luxury of large-sample data. Therefore,
the normality assumption becomes extremely important for the purposes of
hypothesis testing and prediction. Hence, with the twin problems of estimation
and hypothesis testing in mind, and given the fact that small samples are the rule
rather than the exception in most economic analyses, we shall continue to use the
normality assumption. Of course, this means that when we deal with a finite
sample, we must explicitly test for the normality assumption.
2.3.10- Autocorrelated disturbances:
These assumptions require that the disturbances is not be correlated with
regressors, also with constant variance i.e homoscedastic and not autocorrelated.
The violation of the no autocorrelation assumption on the disturbances will lead
to inefficiency of least squares estimates in the sense that we will not always get
the smallest variance of all linear unbiased estimators, and this also leads to the
wrong standard errors for the regression coefficient estimates.
This leads to the wrong value of T-statistics on the significance of these
regression coefficients and misleading statistical inferences based on wrong
estimates of the variance-covariance matrix computed under the assumption of
no autocorrelation.
Generally, there are three types of data available for empirical analysis: crosssectional data, time series data, and a set of cross-sectional and time series data,
also known as the pooled data.
In developing the LR models there are several assumptions, not all these
assumptions would hold in every type of data. The assumption of
Homoscedasticity, or equal error variance, may not be always tenable in crosssectional data. In other words, cross-sectional data are often plagued by the
problem of heteroscedasticity. Thus, in cross-section studies, data are often
collected based on a random sample of cross-sectional units , such as families in
the analysis of consumption function or companies in an investment in the study
analysis so that there is no prior reason to believe that the error term on one
household or a company is correlated with the error term of another household or
company. If by chance such a correlation is observed in cross-sectional units, It is
called spatial autocorrelation, that is, the correlation in the space instead of over
time. However, it is important to remember that, in the cross-sectional analysis,
and application of data must have some logic, or economic interests, to make
sense of any decision of the (spatial) autocorrelation whether it exists or not.
The situation, however, is like to be very different if we are dealing with time
series data, for the observations in such data follow a natural ordering over time
so that successive observations are likely to exhibit intercorrelations, especially if
the time interval between successive observations is short, such as a day, a week,
or a month rather than a year. If you observe stock price indices, such as AL
Quds price index over successive days, it is usual to find that these indices move
up or down for several days in succession. Obviously, in situations like this, the
12

assumption of no auto, or serial, correlation in the error terms that underlies the
LR models will be violated.
2.3.10.1- The nature of autocorrelation:
We can define the term “autocorrelation” as : "correlation between members of
series of observations ordered in time as in time series data or space as in crosssectional data. The classical linear regression model assumes that such
autocorrelation does not exist in the disturbances ui. Symbolically,
E (u i u j )  0
i j
(2.6)
Simply, the LR models assumes that the disturbance term related to any
observation is not affected by the disturbance term relating to any other
observation. For example, if we are dealing with quarterly time series data
involving the regression of output on labor and capital inputs and if, say, there is
a labor strike affecting output in one quarter, there is no reason to believe that
this disruption will be carried over to the next quarter. If output is lower this
quarter, there is no reason to expect it to be lower next quarter. Similarly, if we
are dealing with cross-sectional data involving the regression of family
consumption expenditure on family income, the effect of an increase of one
family’s income on its consumption expenditure is not expected to affect the
consumption expenditure of another family.
However, if there is such a dependence, then we have autocorrelation ,and in
contrast with (2.6) we have :
E (u i u j )  0
i j
(2.7)
In this situation, the breakdown caused by a stoppage of this quarter may very
well affect output next quarter, or the increases in the consumption expenditure
of one family may very well prompt another family to increase its consumption
expenditure if it wants to keep up with the Joneses.
Before we know why the existence of autocorrelation, it is necessary to clarify
some terminological issues. Although it is now common practice to treat the
terms autocorrelation and serial correlation synonymously, and some writers
prefer to distinguish between the terms. For example, (Tintner , 1965) defines
autocorrelation as "lag correlation of a given series with itself, lagged by a
number of time units," while he retains the term serial correlation to "lag
correlation between two different series." Thus, correlation between two time
series such as u1, u2, . . . , u10and u2, u3, . . . , u11, where the former is the latter
series lagged by one time period, is autocorrelation, whereas correlation between
time series such as u1, u2, . . . , u10andv2, v3, . . . , v11, where u and v are two
different time series, is called serial correlation or cross-correlation . Although
the distinction between the two terms may be useful, we shall treat them
synonymously.
Let us Imagine some of the reasonable patterns of auto- and non-autocorrelation ,
which are given in Figure 2.1. Figure 2.1 “a” to “d” shows that there is a
distinctive patterns among the u’s.
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Figure 2.1 : Patterns of autocorrelation and non-autocorrelation
Figure 2.1a shows a cyclical pattern; figure 2.1b and c suggests an upward or
downward linear trend in the disturbances; whereas figure 2.1d indicates that
both linear and quadratic trend terms are present in the disturbances. Only figure
2.1e indicates no systematic pattern, supporting the non-autocorrelation
assumption of the LR models.
The serial correlation occur by several reasons, some of which are as follows :
Inertia: A salient feature of most economic time series, and inertia, or slowing
down. As is well known, time series such as General National Products GNP,
price indexes of production, employment, and unemployment exhibit business
cycles.
Starting from the bottom of the recession, when economic recovery begins, most
of series start moving upward. To this improvement, the value of a series at one
point at a time greater than the previous value. However, there is an importance
built into them, and it continues until something happens, such as increase in
interest rate or taxes or both, to slow them down. Therefore, in regressions
involving time series data, successive observations are likely to be
interdependent.
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2.3.10.2- Specification Bias: Excluded Variables Case:
In the empirical analysis we often starts with a reasonable regression model that
may not be "the most perfect 'one. After regression analysis, we does not find
out whether the results accord with a priori expectations.
If not, analysis process is begun. For example, we may plot the residuals
obtained from the fitted regression and may observe patterns such as those shown
in Figure 2.1a to d. These residuals, which are proxies for ui, may suggest uˆi
that some variables that were originally candidates but were not included in
the model for a variety of reasons should be included.
This is the case with the exclusion of the variable specification bias. In many
cases, the inclusion of these variables removes the type of correlation between
the observed among the residuals.
This is the case of excluded variable specification bias. Often the inclusion
of such variables removes the correlation pattern observed among the residuals.
For example, suppose we have the following demand model:

Yt  0  1 X1t  2 X 2t  3 X 3t  ut

(2.8)

where Y = quantity of wheat demanded, X1 = price of Wheat, X2 = consumer
income, X3 = price of corn, and t = time. As a matter of convention, we shall use
the subscript t to denote time series data and the usual subscript i for crosssectional data. However, for some reason we run the following regression:

Y t  0  1X 1t  2X 2t v t

(2.9)

Now if (2.8) is the “correct’’ model or true relation, running (2.9) is such as to
letting . And to the extent the price of corn affects the consumption of wheat, the
vt  3 X 3t  ut or disturbance term v will reflect a systematic pattern,
error
thus creating false autocorrelation. A simple test of this would be to run both
(2.8) and (2.9) and see whether autocorrelation, if any, observed in model (2.9)
disappears when (2.8) is run. If it is found that the real problem is one of
specification bias, not autocorrelation, the OLS estimators of the parameters (2.9)
may be biased as well as inconsistent.
2.3.10.3 - Specification Bias: Incorrect Functional Form:
Suppose the true model in a cost-output study is as follows:
Marginal costi = β0 + β1 outputi+ β2 output2i+ ui

(2.10)

but we fit the following model:
Marginal costi = α0 + α1 outputi + vi

(2.11)

The marginal cost curve corresponding to the true model is shown in figure 2.2
along with the incorrect linear cost curve.
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Figure 2.2 : Specification bias: incorrect functional form
As shown in figure 2.2 , between points A and B the linear marginal cost curve
consistently overestimate the true marginal cost , while beyond these points will
consistently underestimate the true marginal cost. This result is expected,
because the disturbance term vi is, in fact, equal to output2 + ui ,And therefore
will catch the systematic effect of the output2 term on marginal cost. In this case,
vi will reflect the autocorrelation because of the use of an incorrect functional
form.
2.3.10.4- Manipulation of Data:
In the empirical analysis, the raw data are often manipulated. such as , in time
series regressions involving quarterly data. Such data are usually derived from
the monthly data by simply adding three monthly observations and dividing the
sum by 3.This averaging introduces smoothness into the data by dampening the
fluctuations in the monthly data. Therefore, the graph plotting the quarterly data
looks much smoother than the monthly data, and this smoothness may itself lead
to a systematic pattern in the disturbances, thereby introducing autocorrelation.
Another source of manipulation is interpolation or extrapolation of the data. For
example, Census of population is conducted every 10 years in many countries,
the last being in 2007 and the one before that in 1997.Now if there is a need to
obtain data for some year during the period 1997-2007intercensus, the common
practice is to interpolate on the basis of some ad hoc assumptions. Maybe all this
data, "massage techniques' imposed on the regular pattern of data that may not
exist in the original data.
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2.3.10.5- Data Transformation:
As an example of the use of data transformation and its benefits , we investigate
the following model:
Yt  0  1 X t  ut
(2.14)
where, say, Y = consumption expenditure and X = income. Equation (2.14)
holds for all values of t = 1,2,3,…..,n.
If we take the lagged values of Y, X, and u, respectively, lagged by one period ,
we have

Yt 1  0  1 X t 1  ut 1

(2.15)

Then by subtracting (2.15) from (2.14), we obtain

Y t  1X t  ut
(2.16)
where  , known as the first difference operator, which takes successive
differences of the variables. Thus , and Yt  (Yt  Yt 1 ), X t  ( X t  X t 1 ) .
ut  (ut  ut 1 ) For empirical purposes, we write (2.16) as

Y t  1X t v t
where v t  ut  (ut  ut 1 ) .

(2.17)

Equation (2.15) is known as the level form and Eq. (2.16) and known as the 1st
difference form. Both forms are often used in empirical analysis. For example, if
in (2.15) Y and X represent the logarithms of consumption expenditure and
income, then in (2.16)  Y and  X will represent changes in the logs of
consumption expenditure and income. So, instead of studying relationships
between variables in the level form, we may be interested in their relationships in
the growth form.
Now if the error term in (2.14) satisfies the standard OLS assumptions,
Especially the assumption of no autocorrelation, it can be shown that the error
term vt in (2.17) is autocorrelated. It may be noted here that models like (2.17)
are known as dynamic regression models. Sometimes autocorrelation may be
induced as a result of transforming the original model.
2.3.10.6- Non-stationarity:
While dealing with time series data, we may have to find out if a given time
series is stationary . A time series is said to be stationary if its characteristics
such as mean, variance, and covariance are time invariant; that is, they do not
change over time. If that is not the situation , we have a non-stationary time
series.In the regression model such as (2.14), it is very possible that both of Y
and X are non-stationary and therefore the error u is also non-stationary . In this
case, the error term will exhibit autocorrelation.
In short , there are assortment of reasons why the error term in a regression
model may be autocorrelated. It should be noted also that autocorrelation can be
positive (Figure 2.3a) as well as negative, although most economic time series
generally exhibit positive autocorrelation because most of them either move
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upward or downward over extended time periods and do not exhibit a constant
up-and-down movement such as that shown in (Figure 2.3b).

Figure 2.3 (a) Positive and (b) negative autocorrelation

2.3.10.7- OLS Estimation in the Presence of Autocorrelation:
What happens to the OLS estimators and their variances if we introduce
autocorrelation in the disturbances by assuming that E (ut ut s )  0 (s  0) .
But to keep all other assumptions of the classical model, If s=0, we obtain
E (ut2 ) .Since E(ut) = 0 by assumption, E (ut2 ) will represent the variance of the
error term, which obviously is nonzero, we are now using the subscript t on the
disturbances to emphasize that we are dealing with time series data.
We return again to the two-variable regression model to explain the basic ideas
involved, namely, Yt  0  1 X t  ut . To make any headway, we must assume
the mechanism that generates ut, for E (ut ut s )  0 (s  0) is too general an
assumption to be of any practical use. As a first approximation, one can assume
that the disturbance, or error, terms are generated by the following mechanism.

ut  ut 1  t

1    1

(2.18)
(Gujarati , 2004)
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where "ρ = rho" is known as the coefficient of autocovariance and where εt is the
stochastic disturbance term such that it satisfied the standard OLS assumptions,
namely,

E (t )  0

var(t )   2
cov(t , t s )  0

(2.19)
s 0

An error term with the previous properties is often called a white noise error
term. What (2.18) postulates is that the value of the disturbance term in period t
is equal to rho times its value in the previous period plus a purely random error
term.
The scheme (2.18) is known as a first-order autoregressive scheme, usually
denoted as AR(1). The name autoregressive often used because (2.18) can be
interpreted as the regression of ut on itself lagged one period. It is first order
because ut and its immediate past value are involved; that is, the maximum lag is
1. If the model were ut  1ut 1  2ut 2  t , it would be an AR(2), or secondorder, autoregressive scheme, and so on.
In passing, note that rho, the coefficient of autocovariance in (2.18), can also be
interpreted as the first-order coefficient of autocorrelation, or more accurately,
the coefficient of autocorrelation at lag 1.
Given the AR(1) scheme, it can be shown that,

var(ut )  E (ut2 ) 

 2
1  2

cov(ut , ut  s )  E (ut ut  s )   s

(2.20)

 2
1  2

(2.21)

cor (ut , ut  s )   s

(2.22)

where cov(ut,ut+s) means covariance between error terms s periods apart and
where cor(ut,ut+s) means correlation between error terms s periods apart. Note
that because of the symmetry property of covariances and correlations,
cov(ut,ut+s) = cov(ut,ut-s) and cor(ut,ut+s) = cor(ut,ut-s).
Since ρ is a constant between −1 and +1, (2.20) shows that under the AR(1)
scheme, the variance of ut is still homoscedastic, but ut is correlated not only with
its immediate past value but its values several periods in the past. It is critical to
note that |ρ| < 1, that is, the absolute value of rho is less than one. If, for example,
rho is one, the variances and covariances listed above are not defined. If |ρ| < 1,
we say that the AR(1) process given in (2.18) is stationary; that is, the mean,
variance, and covariance of ut do not change over time. If |ρ| is less than one,
then it is clear from (2.21) that the value of the covariance will decline as we go
into the distant past. We will see the utility of the preceding results shortly.
One reason we use the AR(1) process is not only because of its simplicity
compared to higher-order AR schemes, but also because in many applications it
has proved to be very useful. In addition, a considerable amount of theoretical
and empirical work has been done on the AR(1) scheme.
(Gujarati,2004)
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Now back to our two-variable regression model: Yt  0  1 X t  ut . We know
that the OLS estimator of the slope coefficient is
x y
ˆ1   t 2 t
(2.23)
xt
and its variance is given by

2
var( ˆ1 ) 
 x i2

(2.24)

where the small letters as usual denote deviation from the mean values.
Under the AR(1) scheme, it can be shown that the variance of this estimator is:

var( ˆ1 ) AR1 

2 

1  2 
 x 
2
t

x x
x

t t 1
2
t

 2 2

x x
x

t t 2
2
t



 2  n1

x1 xn 

 xt2 

(2.25)

(Gujarati , 2004)
Where var( ˆ1 ) AR1 means the variance of ˆ1 under first-order autoregressive
scheme.
A comparison of (2.25) with (2.24) shows the former is equal to the latter times a
term which depends on ρ as well as the sample autocorrelations between the
values taken by the regressor X at various lags.
(Gujarati , 2004)
In general, we cannot predict whether var( ˆ1 ) is less than or greater than

var(ˆ1 ) AR1 . Of course, if rho is zero, and the two formulas will coincide, as they
should. Also, if the correlations between successive values of the regressor are
very small, the usual OLS variance of the slope estimator will not be seriously
biased. But, as a general principle, the two variances will not be the same.
To give some idea about the difference between the variances given in (2.24) and
(2.25), assume that the regressor X also follows the first-order autoregressive
scheme with a coefficient of autocorrelation of r. Then it can be shown that
(2.25) reduces to:
 1 r  
 2  1 r  
ˆ
var( ˆ1 ) AR (1) 
  var( 1 )OLS 

2 
 1 r  
 x t  1 r  

(2.26)

(Gujarati , 2004)
Suppose that we continue to use the OLS estimator ˆ1 and modify the usual
variance formula by taking into account the AR(1) scheme. That is, we use ˆ1
given by (2.23) but use the variance formula given by (2.25). It is easy to prove
that ˆ1 is still linear and unbiased. As a matter of fact, the assumption you do not
have any serial correlation, such as the assumption is not heteroscedasticity, to
demonstrate that ˆ1 is unbiased. Is ˆ1 still BLUE ,Unfortunately, it is not; in the
class of linear unbiased estimators, it does not have minimum variance. In short,
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ˆ2 , although linear-unbiased, is not efficient relatively . This finding is quite
similar to the finding that ˆ2 is less efficient in the presence of heteroscedasticity.
(Gujarati , 2004)
2.4- Summary :
The assumptions of Autocorrelated disturbances require that the disturbances is
not be correlated with regressors, also with constant variance i.e homoscedastic
and not autocorrelated . The violation of the no autocorrelation assumption on the
disturbances will lead to inefficiency of least squares estimates in the sense that
we will not always get the smallest variance of all linear unbiased estimators, and
this also leads to the wrong standard errors for the regression coefficient
estimates.
Now , we can take the Autocorrelated disturbances detection and remedy
methods in the next chapter , the most Important violation in my thesis , I will
concentrate about the Autocorrelation problem , how we detect and remedy it.
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Chapter 3
Detection and Remedy methods of Autocorrelated
disturbances
3.1- Introduction:
There are several ways to use the sample data to detect and remedy the existence
of autocorrelation. The traditional test for the presence of first-order
autocorrelation is the Durbin–Watson statistic. A more flexible test, covering
autocorrelation of higher orders and applicable whether or not the regressors
include lags of the dependent variable is the Breusch–Godfrey test . The
simplest version of the test statistic from this auxiliary regression is TR2,
where T is the sample size and R2 is the coefficient of determination. Under the
null hypothesis of no autocorrelation, this statistic is asymptotically distributed
as chi-square . Responses to nonzero autocorrelation include generalized least
squares and the Newey–West HAC estimator , cochrane-orcutt and prais-winsten
transformations.
3.2- Detection techniques of autocorrelation problem:
3.2.1- Durbin–Watson d Test:
The most popular test for detecting autocorrelation is that developed by
statisticians Durbin and Watson.(1951),Gujarati(2004). It is known as the
Durbin–Watson d statistic, which is defined as
t n

d

 (uˆ
t 2

t

 uˆt 1 )2

t n

 uˆ
t 1

(3.1)

2
t

which is simply the ratio of the sum of squared differences in successive
residuals to the Residual Sum of Squares RSS. Note that in the numerator of the
d statistic is n− 1 because one observation is lost in taking successive differences.
A great advantage of the d statistic is that it is based on the estimated residuals,
which are routinely computed in regression analysis. Because of this advantage,
it is now a common practice to report the Durbin–Watson d along with summary
measures, such as R2, adjusted R2, t, and F. Although it is now routinely used, it
is important to note the assumptions underlying the d statistic.
1. The regression model includes the intercept term.
2. The explanatory variables, the X’s, are non-stochastic, or fixed in repeated
sampling.
3. The disturbances ut are generated by the first-order autoregressive scheme:
ut = ρut−1 + εt. Therefore, it cannot be used to detect higher-order autoregressive
schemes.
4. The error term ut is assumed to be normally distributed.
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5. The regression model does not include the lagged value(s) of the dependent
variable as one of the explanatory variables. Thus, the test is inapplicable in
models of the following type:

Y t  0  1X 1t  2 X 2t   k X kt  Y t 1  ut

(3.2)

Where Yt−1 is the one period lagged value of Y. Such models are known as
autoregressive models.
6. There are no missing observations in the data.
The exact sampling or probability distribution of the d statistic given in (3.1) is
difficult to derive because, as Durbin and Watson have shown, it depends in a
complicated way on the X values present in a given sample.
This difficulty should be understandable because d is computed from uˆt , which
2
dependent on the given X’s. Therefore, unlike the t, F, or  tests, there is no
unique critical value that will lead to the rejection or the acceptance of the null
hypothesis that there is no first-order serial correlation in the disturbances ui .
However, Durbin and Watson were successful in deriving a lower bound dL and
an upper bound dU such that if the computed d from (3.1) lies outside these
critical values, a decision can be made regarding the presence of positive or
negative serial correlation.
(Gujarati,2004)

Moreover, these limits depend only on the number of observations n and the
number of explanatory variables and do not depend on the values taken by these
explanatory variables. The actual test procedure can be explained better with the
aid of Figure 1, which shows that the limits of d are 0 and 4. These can be
established as follows. Expand (3.1) to obtain
uˆt2  uˆt21  2uˆt uˆt 1
d 
(3.3)
uˆt2
(Gujarati , 2004)
Since

uˆ

2
t

and

uˆ

2
t 1

equal. Therefore, setting
 uˆt uˆt 1 
d  2 1 

2

ˆ
u

t



differ in only one observation, they are approximately

uˆ

2
t 1

 uˆt2 , (3.3) may be written as
(3.4)
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Figure 3.1 : Durbin–Watson d statistic
Now let us define
uˆ uˆ
ˆ   t 2t 1
uˆt

(3.5)

as the sample first-order coefficient of autocorrelation, estimates ρ. By using
(3.5), we can express (3.4) as
d  2(1  ˆ )
(3.6)
But since 1    1 , (3.6) implies that

0d  4

(3.7)

These are the bounds of d; any estimated d value must lie within these limits.
It is clear from Eq. (3.6) that if ˆ  0 and d = 2; that is, if there is no serial
correlation (of the first-order), d is expected to be about 2. So, as a rule of
thumb, if d is found to be 2 in an application, one may assume that there is no
first-order autocorrelation, either positive or negative. If ˆ  1, indicating
perfect positive correlation in the residuals, d≈ 0 Gujarati(2004). Therefore, the
closer d is to 0, the greater the evidence of positive serial correlation. This
relationship should be evident from (3.1) because if there is positive
autocorrelation, the uˆt ' s will be bunched together and their differences will
therefore tend to be small. As a result, the numerator sum of squares will be
smaller in comparison with the denominator sum of squares, which remains a
unique value for any given regression.
If ˆ  1, that is, there is perfect negative correlation among successive
residuals, d≈ 4. Hence, the closer d is to 4, the greater the evidence of negative
serial correlation. Again, looking at (3.1), this is understandable.
(Gujarati , 2004)
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For if there is negative autocorrelation, a positive uˆt will tend to be followed by
a negative uˆt and vice versa so that uˆt  uˆt 1 will usually be greater than uˆt .
Therefore, the numerator of d will be comparatively larger than the denominator.

Table 3.1: Durbin-Watson d Test: Decision Rules

Although extremely celebrated, the d test has one great drawback in that, if it
falls in the indecisive zone, one cannot conclude that (first-order) autocorrelation
does or does not exist. In many situations, however, it has been found that the
upper limit dU is approximately the true significance limit and therefore in case d
lies in the indecisive zone, one can use the following modified d test: Given the
level of significance α,
1. H0: ρ = 0 versus H1:ρ > 0. Reject H0 at α level if d < dU. That is, there is
statistically significant positive autocorrelation.
2. H0: ρ = 0 versus H1:ρ< 0. Reject H0 at α level if the estimated (4 −d) < dU , that
is, there is statistically significant evidence of negative autocorrelation.
3. H0: ρ = 0 versus H1: ρ  0. Reject H0 at 2α level if d < dU or (4 −d) < dU , that
is, there is statistically significant evidence of autocorrelation, positive or
negative. It may be pointed out that the indecisive zone narrows as the sample
size increases, which can be seen clearly from the Durbin–Watson tables.
The Durbin–Watson d test has become so venerable that practitioners often
forget the assumptions underlying the test. In particular, the assumptions that(1)
the explanatory variables, or regressors, are non-stochastic; (2) the error term
follows the normal distribution; and (3) that the regression models do not include
the lagged value(s) of the regressand are very important for the application of the
d test. If a regression model contains lagged value(s) of the regressand, the d
value in such cases is often around 2, which would suggest that there is no (firstorder) autocorrelation in such models. Thus, there is a built-in bias against
discovering (first-order) autocorrelation in such models. This does not mean that
autoregressive models do not suffer from the autocorrelation problem. If the error
term ut are not Normally, Identically, and Independently Distributed NIID, the
routinely used d test may not be reliable. In this respect the runs test discussed
earlier has an advantage in that it does not make any (probability) distributional
assumption about the error term. However, if the sample is large (technically
infinite), we can use the Durbin–Watson d, for it can be shown that
 1 
n  1  d   N (0,1)
(3.8)
 2 
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That is, in large samples the d statistic as transformed in (3.8) follows the
standard normal distribution. Incidentally, in view of the relationship between d
and ̂ , the estimated first-order autocorrelation coefficient, shown in (3.6), it
follows that
n ˆ  N (0,1)
(3.9)
that is, in large samples, the square root of the sample size times the estimated
first-order autocorrelation coefficient also follows the standard normal
distribution.
Asymptotically, if the null hypothesis of zero (first-order) autocorrelation were
true, the probability of obtaining a Z value (i.e., a standardized normal variable)
of as much as 5.94 or greater is extremely small. Recall that for a standard
normal distribution , the (two-tail) critical 5 percent Z value is only 1.96 and the
1 percent critical Z value is about 2.58. Although our sample size is only 40, for
practical purposes it may be large enough to use the normal approximation. The
conclusion remains the same, namely, that the residuals from the wages–
productivity regression suffer from autocorrelation.
But the most serious problem with the d test is the assumption that the regressors
are non-stochastic, that is, their values are fixed in repeated sampling. If this is
not the case, then the d test is not valid either in finite, or small, samples or in
large samples. And since this assumption is usually difficult to maintain in
economic models involving time series data, one author contends that the
Durbin–Watson statistic may not be useful in econometrics involving time series
data. In his view, more useful tests of autocorrelation are available, but they are
all based on large samples. We discuss one such test below, the Breusch–
Godfrey test.
3.2.2- The Breusch–Godfrey (BG) Test:
To avoid some of the pitfalls of the Durbin–Watson d test of autocorrelation,
statisticians Breusch and Godfrey have developed a test of autocorrelation that is
general in the sense that it allows for (1) non-stochastic regressors, such as the
lagged values of the regressand; (2) higher-order autoregressive schemes, such
as AR(1), AR(2), etc.; and (3) simple or higher-order moving averages of white
noise error terms, such as  t in (2.18). For example, in the regression
Yt  1   2 X t  ut the error term can be represented as ut   t  1 t 1  2 t 2 , which

represents a three-period moving average of the white noise error term  t .

The BG test, which is also known as the test based on the Lagrange Multiplier
LM test , proceeds as follows: We use the two-variable regression model to
illustrate the test , although many regressors can be added to the model. Also ,
lagged values of the regressand can be added to the model.
Let

Y t  1  2X t  ut

(3.10)

Assume that the error term ut follows the pth-order autoregressive, AR(p), scheme
as follows:
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ut  1ut 1  2ut 2    put  p  t

(3.11)

where t is a white noise error term as discussed previously. As you will
recognize, this is simply the extension of the AR(1) scheme. The null hypothesis
H0 to be tested is that

H 0 : 1  2    p  0

(3.12)

That is, there is no serial correlation of any order. The BG test involves the
following steps:
1. Estimate (3.10) by OLS and obtain the residuals, uˆt .
2. Regress uˆt on the original Xt (if there is more than one X variable in the original
model, include them also) and uˆt 1, uˆt 2 , , uˆt  p , where the latter are the lagged
values of the estimated residuals in step 1. Thus, if p = 4, we will introduce four
lagged values of the residuals as additional regressor in the model. Note that to
run this regression we will have only (n-p) observations. In short, run the
following regression:
uˆt  1   2 X t  ˆ1uˆt 1  ˆ 2uˆt 2   ˆ puˆt  p  t (3.13)
and obtain R2 from this (auxiliary) regression, The reason that the original
regressor X is included in the model is to allow for the fact that X may not be
strictly non-stochastic. But if it is strictly non-stochastic, it may be omitted from
the model.
3. If the sample size is large (technically, infinite), Breusch and Godfrey have
shown that
(3.14)
 n  p  R 2   p2
That is, asymptotically, n-p times the R2 value obtained from the auxiliary
regression (3.13) follows the chi-square distribution with p df. If in an
application, (n − p)R2 exceeds the critical chi-square value at the chosen level of
significance, we reject the null hypothesis, in which case at least one rho in
(3.11) is statistically significantly different from zero.
The following practical points about the BG test may be noted:
1. The regressors included in the regression model may contain lagged values of the
regressand Y, that is, Yt−1, Yt−2, etc., may appear as explanatory variables.
Contrast this model with the Durbin–Watson test restriction that there be no
lagged values of the regressand among the regressors.
2. The BG test is applicable even if the disturbances follow a pth-order moving
average (MA) process, that is, the ut are generated as follows:

ut  t  1t 1  2t 2   p t  p

(3.15)

where εt is a white noise error term, that is, the error term that satisfies all the
classical assumptions.
3. If in (3.11) p = 1, meaning first-order autoregression, then the BG test is known
as Durbin’s M test.
4. A drawback of the BG test is that the value of p, the length of the lag, cannot be
specified a priori. Some experimentation with the p value is inevitable.
Sometimes one can use the so-called Akaike and Schwarz information criteria to
select the lag length.
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There are Many Tests of Autocorrelation because no particular test has yet been
judged to be unequivocally best [i.e., more powerful in the statistical sense], and
thus the analyst is still in the unenviable position of considering a varied
collection of test procedures for detecting the presence or structure, or both , of
autocorrelation.”
(Mittelhammer et al.,2000)
If after applying one or more of the diagnostic tests of autocorrelation, we find
that there is autocorrelation, We have four options:
1. Try to find out if the autocorrelation is pure autocorrelation and not the result of
misspecification of the model. sometimes we observe patterns in residuals
because the model is misspecified , that is, it has excluded some important
variables or because its functional form is incorrect.
2. If it is pure autocorrelation, one can use appropriate transformation of the
original model so that in the transformed model we do not have the problem of
(pure) autocorrelation. As in the case of heteroscedasticity, we will have to use
some type of generalized least-square (GLS) method.
3. In large samples, we can use the Newey–West method to obtain standard errors
of OLS estimators that are corrected for autocorrelation. This method is actually
an extension of White’s heteroscedasticity-consistent standard errors method.
4. In some situations we can continue to use the OLS method. Because of the
importance of each of these topics, we devote a section to each one.
3.2.3- Ljung–Box test
The Ljung–Box test is a type of statistical test of whether any of a group
of autocorrelations of a time series are different from zero. Instead of
testing randomness at each distinct lag, it tests the "overall" randomness based on
a number of lags , and is therefore a portmanteau test.
This test is sometimes known as the Ljung–Box Q test, and it is closely
connected to the Box–Pierce test. In fact, the Ljung–Box test statistic was
described explicitly in the paper that led to the use of the Box-Pierce statistic, and
from which that statistic takes its name. The Box-Pierce test statistic is a
simplified version of the Ljung–Box statistic for which subsequent simulation
studies have shown poor performance.
The Ljung–Box test is widely applied in econometrics and other applications
of time series analysis.
The Ljung–Box test can be defined as follows.
H0: The data are independently distributed (i.e. the correlations in the population
from which the sample is taken are 0, so that any observed correlations in the
data result from randomness of the sampling process).
Ha: The data are not independently distributed.
The test statistic is:
h
ˆ
Q  n (n  2) k
(3.16)
k 1 n  k
where n is the sample size, ˆ k is the sample autocorrelation at lag k, and h is the
number of lags being tested. For significance level α, the critical region for
rejection of the hypothesis of randomness is
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Q  12 ,h

(3.17)

Where 12 ,h is the α-quantile of the chi-squared distribution with h degrees of
freedom.
The Ljung–Box test is commonly used in autoregressive integrated moving
average (ARIMA) modeling. Note that it is applied to the residuals of a fitted
ARIMA model, not the original series, and in such applications the hypothesis
actually being tested is that the residuals from the ARIMA model have no
autocorrelation. When testing the residuals of an estimated ARIMA model, the
degrees of freedom need to be adjusted to reflect the parameter estimation. For
example, for an ARIMA(p,0,q) model, the degrees of freedom should be set
to m-p-q.
3.2.3.1- Box-Pierce test
The Box-Pierce test uses the test statistic, in the notation outlined above, given
by:

Q BP  n  ˆ k2

(3.18)

and it uses the same critical region as defined above.
Simulation studies have shown that the Ljung–Box statistic is better for all
sample sizes including small ones.
3.3- Remedy techniques of autocorrelation problem:
3.3.1- Method of Generalized Least Squares (GLS):
Knowing the consequences of autocorrelation, especially the lack of efficiency of
OLS estimators, we may need to remedy the problem. The remedy depends on
the knowledge one has about the nature of interdependence among the
disturbances, that is, knowledge about the structure of autocorrelation.
Consider the two-variable regression model:

Y t  0  1X t  ut

(3.19)

and assume that the error term follows the AR(1) scheme, namely

ut  ut 1  t

1    1

(3.20)

Now we consider two cases: (1) ρ is known and (2) ρ is not known but has to be
estimated. If the coefficient of first-order autocorrelation is known, the problem
of autocorrelation can be easily solved. If (3.19) holds true at time t, it also holds
true at time (t − 1). Hence,
Y t 1  0  1X t 1  ut 1
(3.21)
Multiplying (3.18) by ρ on both sides, we obtain
Y t 1  0  1X t 1  ut 1
(3.22)
Subtracting (3.22) from (3.19) gives
Y t  Y t 1   0 1     1  X t   X t 1   t (3.23)
Where  t   ut  ut 1 
We can express (3.23) as
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Y t *  0*  1*X t*  t

(3.24)

Where Yt *  Yt  Yt 1  , 0*  0 1    , 1*  1 and X t*   X t   X t 1  .
Since the error term in (3.24) satisfies the usual OLS assumptions, we can apply
OLS to the transformed variables Y* and X* and obtain estimators with all the
optimum properties, namely, BLUE. In effect, running (3.24) is tantamount to
using generalized least squares (GLS) .
Regression (3.23) is known as the generalized, or quasi, difference
equation. It involves regressing Y on X, not in the original form, but in the
difference form, which is obtained by subtracting a proportion of the value of a
variable in the previous time period from its value in the current time period. In
this differencing procedure we lose one observation because the first observation
has no antecedent. To avoid this loss of one observation, the first observation on
Y and X is transformed as follows:
Y1 1   2 and X1 1   2 . This transformation is known as the Prais– Winsten
transformation.
The method of generalized difference given in (3.23) is difficult to implement
because ρ is rarely known in practice. Therefore, we need to find ways of
estimating ρ. We have several possibilities.

3.3.1.1- The First-Difference Method:
Since ρ lies between 0 and ±1, one could start from two extreme positions. At
one extreme, one could assume that ρ = 0, that is, no (first-order) serial
correlation, and at the other extreme we could let ρ = ±1, that is, perfect positive
or negative correlation.
As a matter of fact, when a regression is run, one generally assumes that there is
no autocorrelation and then lets the Durbin–Watson or other test show whether
this assumption is justified. If, however, ρ = +1, the generalized difference
equation (3.23) reduces to the first-difference equation:

Y t Y t 1  1  X t  X t 1   u t  u t 1 
or
Y t  1X t   t
(3.25)
where  is the first-difference operator
Since the error term in (3.25) is free from (first-order) serial correlation, to run
the regression (3.25) all one has to do is form the first differences of both the
regressand and regressor(s) and run the regression on these first differences.
The first difference transformation may be appropriate if the coefficient of
autocorrelation is very high, say in excess of 0.8, or the Durbin–Watson d is
quite low. Maddala has proposed this rough rule of thumb: Use the first
difference form whenever d < R2.
An interesting feature of the first-difference model (3.25) is that there is no
intercept in it. Hence, to estimate (3.25), you have to use the regression through
the origin routine (that is, suppress the intercept term), which is now available in
most software packages. If, however, you forget to drop the intercept term in the
model and estimate the following model that includes the intercept term.
Y t    1X t  t
(3.26)
0

31

Then the original model must have a trend in it and
of the trend variable , this is easy to show.
Let Y t     t   X  u t
0

0

1

t

 0 represents the coefficient
(3.27)

(3.28)
Therefore, Y t 1   0  0 (t  1)  1X t 1  ut 1
Subtracting the latter from the former, you will obtain:

Y t  0  1X t   t

(3.29) ,

which shows that the intercept term in this equation is indeed the coefficient of
the trend variable in the original model. Remember that we are assuming that ρ =
1. Therefore, one “accidental” benefit of introducing the intercept term in the
first-difference model is to test for the presence of a trend variable in the original
model.
3.3.1.2 ρ Based on Durbin–Watson d Statistic:
If we cannot use the first difference transformation because ρ is not sufficiently
close to unity, we have an easy method of estimating it from the relationship
between d and ρ established previously in (3.6), from which we can estimate ρ as
follows:
d
ˆ  1 
(3.30)
2
Thus, in reasonably large samples one can obtain rho from (3.30) and use it to
transform the data as shown in the generalized difference equation (3.23).Keep in
mind that the relationship between ρ and d given in (3.30) may not hold true in
small samples.
3.3.1.3 ρ Estimated from the Residuals:
If the AR(1) scheme ut  ut 1   t is valid, a simple way to estimate rho is to
regress the residuals uˆt on uˆt 1 , for the uˆt are consistent estimators of the true

ut

, as noted previously. That is, we run the following regression:

uˆt  .uˆt 1 t

(3.31)

Where uˆt are the residuals obtained from the original (level form) regression and
where  t are the error term of this regression. Note that there is no need to
introduce the intercept term in (3.31), for we know the OLS residuals sum to
zero.
3.3.1.4- Iterative Methods of Estimating ρ:
All the methods of estimating ρ discussed previously provide us with only a
single estimate of ρ. But there are the so-called iterative methods that estimate ρ
iteratively, that is, by successive approximation, starting with some initial value
of ρ. Among these methods the following may be mentioned: the Cochrane–
Orcutt iterative procedure, the Cochrane–Orcutt two-step procedure, the Durbin
two–step procedure, and the Hildreth–Lu scanning or search procedure.
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Of these, the most popular is the Cochran–Orcutt iterative method. To save
space, the iterative methods are discussed by way of exercises. Remember that
the ultimate objective of these methods is to provide an estimate of ρ that may be
used to obtain GLS estimates of the parameters. One advantage of the Cochrane–
Orcutt iterative method is that it can be used to estimate not only an AR(1)
scheme, but also higher-order autoregressive schemes, such as
uˆt  ˆ1.uˆt 1  ˆ2 .uˆt 2  t which is AR(2). Having obtained the two rhos, one
can easily extend the generalized difference equation (4.1.6). Of course, the
computer can now do all this.
3.3.1.5- General Comments:
There are several points about correcting for autocorrelation using the various
methods discussed above.
First, since the OLS estimators are consistent despite autocorrelation, in large
samples, it makes little difference whether we estimate ρ from the Durbin–
Watson d, or from the regression of the residuals in the current period on the
residuals in the previous period, or from the Cochrane–Orcutt iterative procedure
because they all provide consistent estimates of the true ρ. Second, the various
methods discussed above are basically two-step methods. In step 1 we obtain an
estimate of the unknown ρ and in step 2 we use that estimate to transform the
variables to estimate the generalized difference equation, which is basically GLS.
But since we use ρˆ instead of the true ρ, all these methods of estimation are
known in the literature as feasible GLS (FGLS) or estimated GLS (EGLS)
methods.
Third, it is important to note that whenever we use an FGLS or EGLS method to
estimate the parameters of the transformed model, the estimated coefficients will
not necessarily have the usual optimum properties of the classical model, such as
BLUE, especially in small samples. Without going into complex technicalities, it
may be stated as a general principle that whenever we use an estimator in place
of its true value, the estimated OLS coefficients may have the usual optimum
properties asymptotically, that is, in large samples. Also, the conventional
hypothesis testing procedures are, strictly speaking, valid asymptotically. In
small samples, therefore, one has to be careful in interpreting the estimated
results.
Fourth, in using EGLS, if we do not include the first observation (as was
originally the case with the Cochrane–Orcutt procedure), not only the numerical
values but also the efficiency of the estimators can be adversely affected,
especially if the sample size is small and if the regressors are not strictly
speaking non-stochastic. Therefore, in small samples it is important to keep the
first observation à la Prais–Winsten. Of course, if the sample size is reasonably
large, EGLS, with or without the first observation, gives similar results.
Incidentally, in the literature EGLS with Prais–Winsten transformation is known
as the full EGLS, or FEGLS.
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Chapter 4
Detection and Remedy of Autocorrelation of Distirbances
(Case Study)
4.1 – Data and some descriptive statistics:
The data involves the following variables: Gross Domestic Product GDP (gdp1),
labor per thousands of people L (l1), inflation (i1), exports (o1), direct credit
facilities (q1) and imports (in1). GDP is the response (dependent) variable.
Another explanatory (independent) variables is the quarterly data accounts data
from 1st Jan 1997 to 1st Oct 2010, which yields a total number of observations
equals n = 56. Table (4.1) represents some descriptive statistics of the data.

statistics
Mean
Median
Maximum
Minimum
Std. Dev.
1st Qu
3rd Qu
Skewness
Kurtosis
Sum
Observations

GDP
1085.1
1081
1474.6
776
168.0437
975.2
1173
0.434999
-0.2709167
60764.7
56

Table(4.1) Descriptive statistics of the data
Labor
Inflation
Exports
Direct credit facilities
288684
4.41
292.1
4081
291899
3.65
289.6
3695
377269
12.43
329.8
6866
217574
1.19
264.7
1948
45819.62
2.804339
22.52886
1401.393
249734
2.45
272
3294
317051
6.175
308.2
5056
0.08794964 0.8380738 0.3919284
0.5297162
-0.9579831 0.2795877 -1.349517
-0.7418533
16166292
246.97
16359.92
228541.4
56
56
56
56

Table (4.1) shows some summary statistics like mean, median, standard deviation
…. etc. We plot the matrix plot of the data. It is clear that we can see some
structure in the data and might even guess all the variables that may be correlated
to some extent. Figure 4.1 shows that there is a strong linear relation between
“gdp1” and the varibles “l1, o1, q1 and in1 “but there is a weak nonlinear
relation between “gdp1” and “i1”, a strong linear relation between “l1” and the
varibles “ o1 and q1”, a weak linear relation between “l1” and “in1”, a weak
nonlinear relation between “l1” and “i1”, a weak nonlinear relation between ”i1”
and the varibles “o1, q1 and in1”, a very strong linear relaion between “o1” and
“q1”, a strong linear relation between “o1” and “in1” and a strong reltion
between “q1” and “in1”.
Figure 5.1 also shows a pairwise relationship between the variables GDP and the
indpendent varibles. The scale that has been used for l1 is present in the
beginning of the second row. Since all the variables are correlated to some
extent, it is difficult to give a clear answer to whether, for example, “o1” is really
related to “q1”, or whether the observed correlation between the two variables
arises from the relationship of “o1” to “in1”.
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Imports
669
649.8
1022.1
341.8
185.2275
551.7
812.3
0.23809
-0.8439261
37462.73
56
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Figure 4.1: the matrix plot for the linear model
4.2- The best regression model:
Assuming that the assumptions of multiple linear regression model are attained,
and that the variable “gdp1” is the response variable, and “ l1, i1, o1, q1 and in1
“ are explanatory variables a full multiple correlation model has been fited.
Table(4.2) displays the multiple correlation coefficients.
Table(4.2) Multiple linear model coefficients
Explantory Variables
Estimate
Std. Error
t - value
Intercept
693.6005
210.814805
3.290
Labor (X1)
0.0017
0.000458
3.770
Inflation (X2)
3.5866
3.070449
1.168
Exports (X3)
-2.0665
1.074171
-1.924
Direct credit facilities (X4)
1.1166
0.014455
0.458
Imports (X5)
0.6786
0.061427
11.046

P-value
0.001840
0.000433
0.248306
0.060084
0.649016
5.08e-15

Table (4.2) indicates that the fitted model is given by:
ŷ = 693.6005 + 0.0017 X1 +3.5866 X2 - 2.0665 X3 +1.1166 X4 + 0.6786 X5
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where: ŷ : GDP, X1: labor, X2: inflation, X3: exports, X4: direct credit acilities
and X5 : imports. The coefficients of the model are: intercept is  0 = 693.6005,

1 = 0.0017,  2 = 3.5865,  3 =-2.0665,  4 = 0.0066 and  5 = 0.6786.
The estimated regression coefficients give, for each of the explanatory variables,
the predicted change in the dependent variable when the explanatory variable is
increased by one unit conditional on all the other variables in the model
remaining constant. From the results in table (4.2) we can deside that the varibles
of “ inflation (X2), exports (X3) and direct credit facilities (X4)” are not
significant and should be removed from the full model .
4.2.1- The regression model after deleting the non–significant variables:
The reduced model has been fitted for the “GDP” as a response variable, and the
“labor, and imports” as explanatory variables. Table(4.3) displays the
estimation results of fitting the reduced regression model coefficients after
removing the non-significant varibles from the analysis.
Table(4.3): Coefficients of the reduced multiple linear model
Explantory Variables
Estimate
Std. Error t - value P-value
Intercept
358.1
47.4527
7.546
5.98e-10
Labor
0.000964
0.000233
4.133
0.000128
Imports
0.6706
0.05772
11.62
3.43e-16
Table (4.3) indicates that the fitted model is given by:
ŷ = 358.1+ 0.000964 X1 + 0.6706 X2
where: ŷ: GDP, X1: labor , X2: Imports.
The coefficients of varibles are: intercept is  0 = 358.1, 1 = 0.000964,
 2 = 0.6706.
The estimated regression coefficients give, for each of the explanatory variables,
the predicted change in the dependent variable when the explanatory variable is
increased by one unit conditional on all the other variables in the model
remaining constant.
The standard error of the model is 53.69 with 53 degrees of freedom. Multiple Rsquared equals 0.9016, adjusted R-squared is 0.8979, F-statistic: 242.9 with 2
and 53 degrees of freedom and the p-value < 2.2e-16. From the results above
we see that the multiple correlation indicates that the above reduced model
provides a very good fit to the data and there is strong correlation between the
observed GDP and other explanatory variables.
The adujested R-squared value differs very little from the R2 that yields an
approximately unbiased estimate based on the number of parameters estimated in
the trend.
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4.3 - Residuals analysis:
The standarized residuals of the data are plotted in figure (4.2) below. Figure 5.2
shows the Q-Q plot and plot of the residuals versus the fitted values. In any
model with an intercept term the residuals will sum to zero and we must have
both positive and negative residuals. The reference line y = 0 is drawn on the plot
to show that there is a smooth curve that indicates the general trend in the
residuals depend on the fitted values.
The foremost purpose of this plot is to evaluate whether the variability about the
fitted model increases as the level of the response increases. Although this is only
one way in which the variance of the noise term can fail to be constant, it is by
far the most common violation of constant variance. However, frome the above
results, we can conclude that the model provides a good regression model to the
data.
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Figure 4.2 the Q-Q plot for Residuals.

4.4 -The distribuation of standarized Residuals:
Figure 4.3 shows below the hitogram and the distirbuation of the residuals. The
histogram of the standarized residuals can be used to check whether the residuals
are normally distributed. A symmetric bell-shaped histogram which is evenly
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distributed around zero indicates that the normality assumption is likely to be
true.
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Figure 4.3The distribuation ofstandarized Residuals
4.5-The Autocorrelation(ACF):
To know that the standariezed residuals are correlated or not, we may plot the
autocorrelation function ACF of the standrized residuals. Figure 4.4 showes the
autocorrelation function ACF standariezed residuals are most likely to follow the
AR(1) model .
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4.6 – Testing the autocorrelation of distirbances:

-0.2

0.2

There are several methods to test the autocorrelated distirbances . The first one is
Durbin Watson test.
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4.6.1 - The Durbin Watson test:
The Durbin–Watson statistic is a test statistic used to detect the presence of
autocorrelation (a relationship between values separated from each other by a
given time lag) in the residuals in the regression analysis. The Durbin-Watson
test statistic tests the null hypothesis that the residuals from anordinary leastsquares regression are not autocorrelated against the alternative that theresiduals
follow an AR(1) process.
The Durbin-Watson statistic ranges in value from 0 to 4. Under the null
hypothesis a value near 2 indicates no-autocorrelation; a value towards 0
indicates positive autocorrelation; a value towards 4 indicates negative
autocorrelation.
The null hypothesis of the Durbin Watson test is
H0:   0 (no serial correlation).
against the alternative hypothesis
H1 : 

0

 positive serial correlation 

The application of the Durbin-Watson test to our dataset indicates that
DW= 1.0405 dL=1.4954, dU=1.6430, p-value = 2.074e-05   0.478436 . If the
residuals are correlated the Durbin-Watson statistic is approximately equals 1. A
value of the statistic close to 0 indicates strong positive correlation. For our
dataset, the value of Durbin-Waston is close to 1 with a p-value = 2.074e-05.
This means that the residuals are significantly correlated and indicating that a
positive serial correlation exists . This indicates that a positive serial correlation
exists in the residuals of our reduced model.
4.6.2 - Breusch-Godfrey Test:
The Breusch–Godfrey serial correlation in linear models test is a test
for autocorrelation in the errors in a regression model. It makes use of
the residuals from the model being considered in a regression analysis.
The null hypothesis of this test is that there is no serial correlation of any order
up to P of the AR process. Thus, the null hypothesis is H o :
1  2  3    p  0
and the alternative hypothesis is:
H a : at least one order autocorrelation is different from 0
The statistic is distributed as chi-squared, with p degrees of freedom and H0 is
rejected if the p-value of the Breusch-Godfrey statistic is less than 0.05. The
application of the Breusch-Godfrey test for serial correlation of order up to 1 on
our data gives a value of LM test = 12.6634, with a df = 1 and p-value
=0.000373. We can then reject the null hypothesis, which indicates in our case
that the rho in at least one lag is significantly different from zero.
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4.6.3- The Box-Ljung test:
Further tests of autocorrelation are the Box-Pierce test and the Ljung-Box test.
The test statistic is approximately has Chi-square distribution based on estimates
of the autocorrelations up to order p. The Box-Pierce statistic is n times the sum
of squared autocorrelations, and the Ljung-Box is a refinement that weighs the
squared autocorrelation at lag j by (n+2)/(n-j) (j=1,….,p).
The null hypothesis is:
H0: The data are independently distributed.
and the alternative hypothesis is:
Ha: The data are not independently distributed.
The application of the Box-Pierce test of the dataset revealed that the
 2 = 44.1488 with a df = 1 and a p-value = 3.043e-11.
Moreover, the application of the Box-Ljung test on the data give the value of 
= 46.5569 with a df = 1 and the p-value = 8.9e-12. In both cases, the p-value
was less than 0.05 which indicates that the data are not independently distributed,
the problem of autocorrelation exists in our dataset.
From all of the above, after using the above tests we found that the proposed
model and after examining whether there was autocorrelated disturbances in the
data, we showed that the problem of autocorrelated disturbances exists in the
data. Therefore we will search for a method of remedy of this problem.
2

4.7- The remedy of autocorrelated distirbances:
There are several methods to remedy the autocorrelated distirbances, The first is
the generalized least squares fit by maximum likelihood.
4.7.1-Generalized least squares fit by maximum likelihood:
GLS approach uses the maximum likelihood principles to estimate  and
produce a corrected model fit to the data. These are good corrections, and can be
replicated in OLS, we generate the GLS fit by MLE using the “GDP” as a
response variable, and “Labor, and Imports” as explanatory variables.
Table(4.4) displays the regression model coefficients after we generating the
GLS fit by the MLE principles.
Table(4.4) Coefficients of multiple GLS linear model
Explantory Variables
Estimate
Std. Error
t - value
Intercept
332.6124
74.87694
4.409993
Labor
0.0013
0.00030
4.354531
Imports
0.5739
0.06563
8.753822

P-value
1e-04
1e-04
0e+00

Table (4.4) indicates that the fitted value is given by:
ŷ = 332.6124 + 0.0013 X1+ 0.5739 X2
where : ŷ: GDP, X1: labor , X2: Imports.
The coefficients of the varibles are: Intercept is  0 = 332.6124, 1 = 0.0013,
 2 = 0.5739. The estimated GLS regression coefficients give, for each of the
explanatory variables, the predicted change in the dependent variable when the
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explanatory variable is increased by one unit conditional on all the other
variables in the model remaining constant. The residual standard error is
53.72262 with 53 degrees of freedom. Therefore we estimate the parameters of
the model . The results for this analysis showed that the model which provides
the best fit to the data is the one which assumes that the residuals of the LM
model follow the AR(1) process .
Now, we can apply the tests of detection of autocorrelated disturbances after we
generate the GLS fit by MLE principles to study the serial correlation.
4.7.1.1-The Durbin Watson test with GLS:
Durbin–Watson statistic is a test statistic that can be used to detect the presence
of autocorrelation (a relationship between values separated from each other by a
given time lag) in the residuals (prediction errors) from a regression analysis.
The Durbin-Watson test statistic tests the null hypothesis that the residuals from
anordinary least-squares regression are not autocorrelated against the alternative
that theresiduals follow an AR(1) process.
The Durbin-Watson statistic ranges in value from 0 to 4. Under the null
hypothesis A value near 2 indicates non-autocorrelation; a value toward 0
indicates positiveautocorrelation; a value toward 4 indicates negative
autocorrelation.
The null hypothesis of the Durbin Watson test is
H0:   0 (no serial correlation).
against the alternative hypothesis that
H1 :



0 (positive serial correlation)

The Durbin-Watson test DW= 0.9058891, dL=1.4954, dU=1.6430 and
  0.539108 . Then we conclude that no autocorrelation problem. If the
residuals are correlated the Durbin-Watson statistic is approximately 1. A value
of the statistic close to 0 indicates strong positive correlation.
For our dataset, the value of Durbin-Waston is 0.9058891, approximately equal
to 1. This means that the residuals are significantly correlated, indicating that a
positive serial correlation exists, We reject the null hypothesis, because the DW
test is greater than 0, a positive serial correlation exists.
4.7.1.2- Box-Ljung test:
Further tests for autocorrelation are the Box-Pierce test and the Ljung-Box test .
The test statistic is approximately has Chi-square distribution based on estimates
of the autocorrelations up to order p . The Box-Pierce statistic is n times the sum
of squared autocorrelations, and the Ljung-Box is a refinement that weighs the
squared autocorrelation at lag j by (n+2)/(n-j) (j=1,….,p).
The null hypothesis is:
41

H0: The data are independently distributed.
against the alternative hypothesis:
Ha: The data are not independently distributed.
2
The application of the Box-Pierce test on the dataset revealed that the  =
15.3759 with df = 1 and p-value = 0.00008811.
Moreover, the application of the Box-Ljung test of the data showed that the
 2 = 16.2146 with df = 1 and the p-value = 0.00005656
In both cases, the p-value was less than 0.05 which indicates that the data are not
independently distributed, then there is a problem of autocorrelation.
The standard error of the model is 53.722 .
From all the results of using the tests above we concluded that the proposed
model after examining for autocorrelation in the disturbances using GLS fitting,
the disturbances are autocorrelated. Thus, we need to search for another method
of remedial action to the disturbances of the model.
4.7.2- Cochrane-orcutt method:
Cochrane–orcutt estimation is a procedure which adjusts a linear model for serial
correlation in the error terms. We generated the multiple linear regression model
using cochrane–orcutt estimation procedure on our data set and obtained the
following results:
Table(4.5) Coefficients of multiple linear model with cochrane.orcutt
transformation
Explantory Variables
Estimate
Std. Error
t - value
P-value
Intercept
Labor
Imports

336.8
0.001276
0.5711

80.75
0.000313
0.066394

4.171
4.080
8.601

Table (4.5) indicates that the fitted value is given by:
ŷ = 336.8 + 0.001276 X1+ 0.5711 X2
where: ŷ: GDP, X1: labor , X2: Imports.
The coefficients of varibles are: intercept is  0 = 336.8,

0.000115
0.000155
1.45e-11

1 =

0.001276 ,

 2 = 0.5711.
The estimated cochrane–orcutt regression coefficients give, for each of the
explanatory variables, the predicted change in the dependent variable when the
explanatory variable is increased by one unit conditional on all the other
variables in the model remaining constant.
The standard error of the model is 46.94. The multiple R-squared equals
0.924846, adjusted R-squared is 0.921956, F-statistic is 83.799 with 2 and 52
degrees of freedom and the p-value is less than 5.42e-17. After we apply the
cochrane–orcutt method, we found that the durbin-watson statistic equlas
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2.025866 and   0.021141 . Then we can conclude that no autocorrelation
problem exists in the disturbances of the model.
4.7.3- Prais-Winsten method:
Prais-winsten estimation is a procedure which adjusts a linear model for serial
correlation in the error terms. We generated the model with prais-winsten
estimation procedure on our data set and obtained the following results:

Table(4.6) Coefficients of multiple linear model with prais-winsten
transformation
Explantory Variables
Estimate
Std. Error
t - value
P-value
Intercept
Labor
Imports

332.609
0.00128876
0.571193

74.0864
0.000296
0.0657719

4.489
4.353
8.684

Table (4.6) indicates that the fitted value is given by:
ŷ = 332.609+ 0.00128876 X1+ 0.571193X2
where: ŷ: GDP, X1: labor , X2: Imports.
The coefficients of varibles are: intercept is  0 = 0.571193,

2 =

3.89e-05
6.17e-05
9.17e-012

1 = 0.00128876,

0.571193. The estimated prais-winsten regression coefficients give, for
each of the explanatory variables, the predicted change in the dependent variable
when the explanatory variable is increased by one unit conditional on all the
other variables in the model remaining constant.
The standard error of the model is 46.50627 . The multiple R-squared equals
0.926691, adjusted R-squared is 0.923925, F-statistic is 99.248 with 2 and 53
degrees of freedom and the p-value is less than 1.20e-18. After we apply the
prais-winsten method, we found the durbin-watson equlas 2.026427 and
  0.020221 . Then we can conclude that there is no autocorrelation problem
exists in the disturbances of our model.
4.8- Comparison between remedy methods:
4.8.1 - Comparison between remedy methods using ACF:
We compared all the remedy methods using the ACF. The ACF method
suggested that a suitable model for the disturbances using the GLS method is
AR(1). The ACF of Cochrane–Orcutt and the ACF of Prais-Winsten methods
have no autocorrelation.
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Figure 4.5 Comparison between remedy methods using ACF
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We generated a comparison between remedy methods using some statistical
measures and tests : Durbin-Watson test , rho value , standard error and R2 , the
comparison of the remedy method is important to find the best remedy method to
solve an autocorrelation problem.
lag

Table(4.7) Comprison between GLS, Cochrane–Orcutt and Prais-Winsten
transformations
Statistic
GLS
Cochrane–Orcutt
Prais-Winsten

0.539108
-0.021141
-0.020221
Durbin-Watson
0.9058891
2.025866
2.026427
standard error
53.72262
46.94
46.50627
R2
0.8962727
0.924846
0.926691
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In table (4.7) we made a comparison between remedy methods based on the
some statistical tests such as Durbin – Watson test and some statistical measures
such as rho, standard error and R2 . Table (4.7) shows the results of comparison
between the remedy methods. The prais-winsten has the smallest rho equals
0.020221, the prais-winsten has the smallest standard error equals 46.50627 , the
prais-winsten has the highest R2 equals 0.926691 , the Durbin – Watson test
result after we transformed the data using prais-winsten method equals 2.026427,
by using the Table (3.1) and the Figure (3.1) the value of the DW test lay in the
critical region dU= 1.6430 and 4 - dU = 2. 357 , then we do not reject the null
hypothesis , then we have no autocorrelation problem in our transformed data
using the prais-winsten method. The cochrane–orcutt method has standard error
and rho smaller than GLS method and has a high R2 , the Durbin – Watson test
result after we transform the data using cochrane–orcutt method equals 2.025866
, by using the Table (3.1) and the Figure (3.1) the value of the DW test lay in the
critical region dU= 1.6430 and 4 - dU = 2. 357 , then we do not reject the null
hypothesis , then we have no autocorrelation problem in our transformed data
using the cochrane–orcutt method. GLS method has the highest standard error
and rho and the lowest R2 , the Durbin – Watson test result after we transformed
the data using GLS method equals 0.9058891, by using the Table (3.1) and the
Figure (3.1) the value of the DW test lay out the critical region dU= 1.6430 and
4 - dU = 2. 357 , then we reject the null hypothesis , then we have autocorrelation
problem in our transformed data using GLS method.
4.9– Summary:
Through this study we can say that the best detection method of the 1st order
autocorrelation problem in our data is Durbin-Watson test. Moreover, the best
remedy method for the autocorrelated disturbances is prais-winsten. The
difference between prais-winsten method and cochrane – orcutt method is very
small. Both of them were remedy for the autocorrelated disturbances in our data.
The GLS do not work as a remedy for the autocorrelaion problem in our data.
The best detection method of the 1st order autocorrelation problem in our data is
Durbin-Watson test.
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Chapter 5

Conclusions And Recommendations
5.1- Introduction:
In this study we conducted a comparison of detection and remedy methods of the
autocorrelated disturances problem in regression models. The prediction of
financial data, such as stock prices indices and national accounts, using linear
modles and the ordinary least squares approach, is a complex process, for several
reasons. The most important reason encountered during this work is the fact that
financial data are usually very noisy. That is, there is a large amount of random
unpredictable noise day after day. Moreover, the disturbances are usually
autocorrelated.
5.2 – Conclusions :
From the discussion in this study the following conclusions can be drawn:
 The use of Durbin-Watson statistic is the best method for National
Accounts among other detection methods. This was supported by the R2 ,
adjusted – R2 , the p-value and standard error .
 The prais-winsten is the best transformation methods for National
Accounts among other remedy correction transformation methods. This
was supported by the R2 , adjusted – R2 , the standard error and DW test .
 The use of GLS transformation in remedy methods of economic and
financial data gives results with less efficiency than the other remedy
methods .
 The Cochrane–Orcutt transformation in remedy methods of economic and
financial data gives results with high efficiency.
 The Breusch–Godfrey test in detection methods of economic and
financial data gives results with high efficiency.
 The Box-Ljung test detection methods of economic and financial data
give results with high efficiency.
Finally, the best method of detection methods of the 1st order autocorrelation of
the disturbances is the Durbin-Watson test and for high order autocorrelation is
Breusch-godfrey Test.
5.3 – Recommendations:
The Durbin-Watson statistics provides an alternative methodology to other
detection methods for 1st order autocorrelation in the disturbances of financial
and economic data which proved to be not so efficient in this field. The PraisWinsten transformation method provides an alternative methodology to other
remedy methods for financial and economic data which proved to be not so
efficient in this field. Therefore, we recommended the following:
 Conduct more research and comparisons to ascertain the extent suitable
detection methods in this area.
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We recommend that all workers in the economic sphere, should use the
Durbin-Watson method for 1st order autocorrelation problem, because of
its efficiency.
We recommend to take advantage of the high-capacity of Prais-Winsten
method as a transformation technique in other fields, such as medical
research, genetics research, industrial research, energy, and military
research .
We recommend that Statisticians should adopt Prais-Winsten approach as
a method of Statistical remedy as well as conducting further research on
linear models to investigate their suitability for use in other statistical
applications .

5.3 – Further work:
For future work, we suggest conducting a comparison between detection and
remedy techniques, when the disturbances can be following other models such as
the ARIMA models.
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