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1.0

Preamble

Under the multiple regression lecture, we assume that all the series are stationary at level
(that is, the order of integration of each of the series is zero, I(0))2. If we relax this assumption
and consequently allow for unit roots in the variables, how do we deal with such a scenario?
In general, this would require a different treatment from a conventional regression with
stationary variables at I(0), which has been covered so far. In particular, we focus on a class of
linear combination of unit root processes known as cointegrated process. The generic
representation for the order integration of series is I(d) where d is the number of differencing
to render the series stationary. Thus, for a stationary series at level, d=0 i.e. I(0) process.
Although, for any non-stationary series, ‘d’ can assume any value greater than zero,
however, in applied research, only the unit root process of I(1) process is allowed, otherwise
such series with higher order of integration (d>1) should be excluded in the model as no
meaningful policy implications or relevance can be drawn from such series.

Let us consider the following two-variable linear regression model:
 =  +  + 

(1)

Suppose these two series are I(1) processes and are independently distributed:
1
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2 Note that the order of integration of each series in a regression model is determined by the
unit root test. If the series is stationary at level after performing unit root test, then it is I(0);
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becomes stationary.
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and  are orthogonal.

Given equations (2) and (3), there should be no systematic relationship between  and  as
they both drift away from equilibrium (i.e. they do not converge), and therefore, we should
expect that an OLS estimate of  should be close to zero, or insignificantly different from
zero, at least as the sample size increases. However, this is not usually the case. The fitted
coefficients in this case may be statistically significant when there is no true relationship
between the dependent variable and the regressors (see Hendry, 1980; Philips, 1986). This is
regarded as a prototypical spurious regression or correlation where, in the case of our
example,  takes any value randomly, and its t-statistic indicates significance of the estimate.
This spurious correlation may be attributable to (stochastic) trending mechanisms in data or
either coincidence or the presence of a certain third, unseen factor (referred to as a
"confounding factor lurking variable”). What makes the phenomenon dramatic is that it
occurs even when the data are otherwise independent. Though a formal testing procedure
will be needed to detect evidence of the spurious regression, one quick guideline or a good
rule of thumb is that when the Durbin-Watson statistic (DW) is less than the !  i. e. %& <
!  , spurious relation may be said to be evident.

What can we do when we are faced with I(1)? Now we know that performing OLS on a
model with I(1) series may yield spurious regression. However, there are formal tests in the
literature that can be carried out to see if despite the behaviour of the series, there can still be
a linear combination or long run relationship or equilibrium among the series. The existence
of the linear combination is what is known as cointegration. Thus, the regression with I(1)
series can either be spurious or cointegrated. The basic single equation cointegration tests are
Engle-Granger Cointegration test and Bounds Cointegration test.
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More generally speaking, it has now become a standard practice to consider the following
(including cointegration test) when modeling economic relationships with time series:
1.

Preliminary Analyses
 Descriptive Statistics
 Graphical Analyses
 Formal Pre-tests

2.

•

Unit root test

•

Cointegration test

Model Estimation
 Specification of Econometric Model to be Estimated
 Description of Estimation Technique to be used
 Model Diagnostic and Robustness tests
•

Relevant diagnostics tests such as linearity test, serial correlation test,
heteroscedasticity test and normality test are important. We have previously
explained the procedure for the preliminary analysis except for unit root test
and cointegration test. The immediate sub-sections explain the underlying
procedure for these tests.

2.0

Why is it important to test for unit root?

We usually consider unit root for the following reasons:
i.

To evaluate the behaviour of series over time. Is the series trending upward or
downward? This can be verified through unit root test. In other words, the test can be
used to evaluate the stability or predictability of time series. If a series has unit root,
that means the series is unstable or unpredictable and therefore may not be valid for
prediction or forecasting.

ii.

The test is also used to determine how series respond to shocks. If a series has unit
root, the impact of shocks to the series are more likely to be permanent. Consequently,
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if a series has no unit root, impact of shocks will be transient or transitory (i.e.
temporary).
iii.

Unit root can also be used to test for market efficiency. For example, in testing for
foreign exchange market efficiency, exchange rate is usually used as a proxy for the
market. If exchange rate exhibits a random walk or a martingale (has unit root), then
the market in question is assumed to be efficient. Thus, investors in the market can
make abnormal returns through speculations.

2.1

How can we test for unit root?

Several tests have been developed in the literature to test for unit root. Prominent among
these tests are ADF, PP, DFGLS and KPPS. Let us now engage our data to demonstrate how
these tests can be implemented.

2.1.1

Performing Unit Root Test in EViews
a. Augmented Dickey-Fuller (ADF)

 Since we are dealing with double log specification, our unit root tests will be
performed on the logged series. The following steps are relevant:
•

Starting with MD, click on Show and enter log(MD) to open the series window
and choose View/Unit Root Test and a unit root dialog box would appear.
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•

In the unit-root Test Type dialog box that appears, choose the type of test (i.e.
the “Augmented Dickey
Dickey-Fuller” test) by clicking on it.
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•

We then decide whether we want to test for a unit root in the level, first
difference, or second difference of the series.

•

Ideally, we first start with the level and if we fail to reject the test in levels,
levels we
then continue with testing for the first diff
differences and so on.

•

Hence, we first click on 'levels' in the dialog box to see what happens in the
levels of the series and then continue, if appropriate, with the first and second
differences.

•

Also, the choice of model is very important since the distribution
distrib
of the test
statistic under the null hypothesis differs across these three cases. Therefore,
Therefore we
have to specify which of the test regressions for ADF we wish to use (i.e.
whether to include a constant, a constant and linear trend, or neither in the test
t
regression).

•

We have to also specify the number of lagged dependent variables to be
included in the model in order to correct for the presence of serial correlation.
Thus, the number of lags to be included in the model would be determined
either automatically
atically or manually.
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•

It is more appropriate to consider the three possible test regressions when
dealing with ADF test. Thus, our demonstration will involve these three
options: none, constant, constant and trend.

•

Having specified the necessary options in the dialog box, we can then start with
the “none” option where both the intercept and trend are excluded in the test
regression.

•

See the figure below:

Select
None

 The ADF unit root test results for the selected regression option (i.e. ‘none’ would
appear as follows:

7|Page

 Following similar procedures, tthe selection of the other two alternative regression
optionss for the ADF unit root test is demonstrated below.

Select
Intercept

Select
Trend &
Intercept
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 Consequently, EViews reports the test statistic together with the estimated test
regression. We reject the null hypothesis of a unit root against the one-sided
alternative if the ADF statistic is less than the critical value and we conclude that the
series is stationary; otherwise (that is, if it is greater), the series is non-stationary.
Using the probability value, we reject the null hypothesis of unit root if the computed
probability value is less than the chosen level of statistical significance.

b. Philllip Perron (PP) in EViews
 Procedures for testing for unit root in EViews via PP test are similar to that of ADF
earlier discussed except for the test type options. With the assumption that we are all
familiar with these procedures, the following tabulates unit root test results from both
ADF and PP across the three regression test options discussed.
Table 1A: Unit Root Test Results
LEVEL
Augmented Dickey-Fuller (ADF)
Phillip Perron (PP)
Constant
Constant &
None
Constant
Constant &
None
Trend
Trend
MD
0.811754
-5.123483*
-1.202610
0.628715
-2.965718
-1.202610
GDP
-0.511402
-1.318994
5.991152
-0.511402
-1.700339
4.586835
INT
-3.230646**
-4.176064** -0.081805
-3.213893**
-2.877286
0.492053
FIRST DIFFERENCE
MD
-3.284440**
-3.142588
-1.200116
-3.247995**
-3.102775
-0.933391
GDP
-4.631382*** -4.601917*** -2.317610** -4.631382*** -4.586924*** -2.085640**
INT
-4.975050*** -5.363074*** -4.981754*** -8.182886*** -8.848122*** -8.200419***
Note: ***, ** and * implies significance at 1%, 5% and 10% respectively.
Table 1b: Summary of Unit Root Test Results
Augmented Dickey-Fuller (ADF)
Phillip Perron (PP)
Level
First Difference I(d)
Level
First Difference I(d)
b
b
MD
-5.123483 *
I(0) -2.965718
-3.247995a**
I(1)
b
a
b
a
GDP
-1.318994
-4.631382 ***
I(1) -1.700339
-4.631382 ***
I(1)
b
a
INT
-4.176064 **
I(0) -3.213893 **
I(0)
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Note: ***, ** and * imply statistical significance at 1%, 5% and 10% levels respectively.
Also, ‘a’ denotes model with constant, ‘b’ is for model with constant and trend and ‘c’ is
the model without constant and trend.

3.0

What next after unit root testing?

The outcome of unit root testing matters for the empirical model to be estimated. The
following cases explain the implications of unit root testing for further analysis.

CASE 1: Series in the model under examination are stationary.
 That is, MD, GDP and INT are stationary. Technically speaking, we mean they are I(0)
series (integrated of order zero).
•

Under this scenario, cointegration test is not required, as any shock to the
system in the short run quickly adjusts to the long run. Therefore, only the long
run model should be estimated.

•

In econometrics, a long run model is a static model where variables are neither
lagged nor differenced. For instance, the equation below is a long run model for
money demand.

log( MDt ) = β 0 + β1 log(GDPt ) + β 2 log( ITt ) + ε t
•

Thus, the estimation of short run model is not necessary if series are I(0).

CASE 2: Series in the model under consideration are I(1).
 Under this scenario, the series are assumed to be non-stationary. One special feature of
these series is that they are of the same order of integration.
•

Under this scenario, the model in question is not entirely useless although the
variables are unpredictable. To verify further the relevance of the model, there
is need to test for cointegration.

•

That is, can we assume a long run relationship in the model despite the fact that
the series are drifting apart or trending either upward or downward?
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•

If there is cointegration, that means the series in question are related and
therefore can be combined in a linear fashion. This implies that, even if there are
shocks in the short run, which may affect movement in the individual series,
they would converge with time (in the long run). However, there is no long run
if series are not cointegrated. This implies that, if there are shocks to the system,
the model is not likely to converge in the long run.

•

Note that both long run and short run models must be estimated when there is
cointegration. If there is no cointegration, there is no long run and therefore,
only the short run model will be estimated.

•

There are however, two prominent cointegration tests for I(I) series in the
literature.

They

are

Engle-Granger

cointegration

test

and

Johansen

cointegration test.
•

The Engle-Granger test is meant for single equation model while Johansen is
considered when dealing with multiple equations.

CASE 3: The series are different order of cointegration.
Researchers are more likely to be confronted with this situation. For instance, MD and INT
are I(0) while GDP is I(1).
 Like case 2, cointegration test is also required under this scenario.
 Recall that, Engle-Granger and Johansen cointegration tests are only valid for I(1)
series.
 Where the series are of different order of cointegration, the appropriate test to use is
the Bounds cointegration test.
 Similar to case 2, if series are not cointegrated based on Bounds test, we are expected
to estimate only the short run. However, both the long run and short run models are
valid if there is cointegration.
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4.0

Modelling with I(1) Series [Case 2]

4.1

Testing for Cointegration for I(1) Series
 Since we are dealing with single-equation models, our focus will be on the EngleGranger cointegration test. This test was developed by Engle and Granger (1987) [EG
thereafter] and they show that if after using either DF or Augmented DF (ADF) unit
root test, the variables in the regression model are I(1) and the residual component
obtained from the regression is I(0), then there is a linear combination (long-run
relationship or equilibrium) between or among the variables in the model. This is
illustrated as follows:

yt =α + β xt +ut where yt ~ I (1) and xt ~ I (1)

(1)

 For  and  to be cointegrated,  must be I(0); otherwise the regression is spurious.
Thus, the basic idea behind the EG cointegration test is to test whether  is I(0) or I(1).
Essentially, the EGDF cointegration test involves three steps:
•

Apply the DF or ADF unit root tests on the variables in equation (1). For
instance, perform OLS on equation (1) and obtain the residuals as:

uˆt = yt − αˆ − βˆ xt

(2)

•

Apply DF or ADF unit root test to uˆt :

•

For DF assuming AR(1):

( = (
•

+

;

 ~0, 

 ;

−1 <

< 1;

*+ :

=1

(3)

Equation (3) can be expressed equivalently as:

∆uˆt = δ uˆt −1 + ε t ; δ < 0 ; H 0 : δ = 0

(4)

• For ADF assuming AR(1):
p

∆uˆt = δ uˆt −1 + ∑ γ i ∆uˆt −i + ε t ; i = 1, … , p ;  < 0; *+ :  = 0
i =1
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(5)

 The above framework provides the theoretical procedure for the residual-based
residual
EGDF
cointegration test. The null hypothesis expressed in (4) or (5) tests for no cointegration.
Thus, if  is statistically different from zero, we may reject the null hypothesis
suggesting that there is cointegration between the two variables; otherwise, we may
not reject it.
 If the null hypothesis is rejected, the regression is regarded as a cointegrating
regression and  is known as the cointegrating parameter. Note that if the variables
are cointegrated, the regression is no longer spurious despite the fact that the variables
are I(1).
(1). However, if these series are not cointegrated the resulting regression will be
spurious.

4.2

Performing EG Cointegration test in EViews
 Performing EG cointegration test in EViews involves the following steps:
•

Estimate the static model with OLS. In the case of our example, you may estimate
the double log money demand equation using OLS.
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•

Rename the residuals obtained from the regression as the default name (resid)
cannot be used in estimation involving Eviews. You may choose to rename ‘resid’
with EGDF,, then click OK to save the residual.

•

Double click on the saved re
residual (i.e. EGDF) and perform ADF unit root test
following the traditional unit root test procedures by clicking on Views/Unit
Root/Augmented Dickey
Dickey-Fuller.
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Double Click
on EGDF

4.3

The Short Run Model and Error Correction Mechanism
 It has been said that if a linear combination of non
non-stationary
stationary series is found to be
stationary (cointegrated), one would be correct to just go ahead and interpret the
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results of a static model like equation without paying further attention to the time
series properties and short-run dynamics of the model. This notwithstanding, a major
argument has been that since equilibrium (i.e. steady state) is rarely observed, it may
be necessary to consider the short-run evolution of the series and dynamics of
adjustment.
 We can then consider a generic representation of the dynamic version of our model as
follows:

∆ y t = α + β ∆ xt + δ ECTt −1 + υ t where ECT is the Error Correction Term
 A more representative model can be expressed as:
k



i =1

j =0

∆yt = α + ∑θi ∆yt −i + ∑ ψ j ∆yt − j + δ ECTt −1 +υt
 Based on our money demand function, the dynamic (error correction) representation
is given below:
1

2

3

i =1

j =0

j =0

∆ log(mdt ) = α + ∑ λi ∆ log(mdt −i ) + ∑ β1 j ∆ log( gdpt − j ) + ∑ β2 j ∆ log(int t − j ) + δ ECTt −1 + ε t
4.4

Estimating the Money Demand Function in Error Correction Form
using EViews

The starting point as demonstrated in the figures below is to estimate the model in static
(level) form and then save the resulting residual estimates (resid) as ect or ecm for
convenience.
•

Click Quick/Estimate Equation to specify the static (level) equation (i.e. log(md) c
log(gdp) log(int)) as follows:
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•
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Click OK and the level equatio
equation estimates output would appear as follows.
follow

•

To save the residual, close the long run level estimation results above, and select
Genr/enter ecm=resid in the Generate Series by equation dialog box, then click OK
to save the ‘resid’ as ‘ecm
ecm’.

 Having generated the ECM series, the next step is to specify and estimate the error
correction model.
•

Click Quick/Estimation Equation and specify the error correction model in the
Equation Specification as shown below.
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•

This specification is called “over
“over-parameterised” model. You will observe that we
restrict the lag length to 1 due to limited number of observations. You may
consider a higher lag length if there are sufficient ob
observations.

•

Note that many of the variables are not significant as given in the result diagram
below.

19 | P a g e

•

The next step is to go through a process of re
re-parameterization
parameterization during which
insignificant variables are sequentially removed until one gets to what is called a
“parsimonious encompassing” model. However, rather than removing what
appears to be insignificant variables from the model arbitrar
arbitrarily,, which is the most
common practice, but not necessar
necessarily
ily the standard, we instead, employ a formal
test (Redundant test) to determine the relevance or otherwise of the variables
included in the model.

•

Like other residual based tests, the Redundant Variable test would be performed
on the over-parameterized
parameterized results.

•

View

Click

on

the

over
over-parameterized
terized

estimates;

select

Coefficient

Diagnostic/Redundant Variable Test
Test- Likelihood Ratio.

1

2

3

 The next step is to list one or more of the most insignificant variables from the overover
parameterized in the dialog box that appears as follow:
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 The null hypothesis for the Redundant Variable Test is that the suspected variables are
redundant in the model. If the value of the adjusted R
R-square
square after performing
Redundant Variable Test is greater than R
R-square value in the over-parameterized
over
results;; then, one can conclude that the selected series are indeed redundant;
redundant
otherwise, they are not.
 In the case of our money demand model, int(-1) and gdp(-1)
1) appear to be the
redundant series in the model and that is because the Adj
Adjusted
usted R-square,
R
which is
0.250 after listing int(-1)
1) and gdp(
gdp(-1)
1) as the likely redundant variables,
variables is greater than
the 0.206 which is the value of Adjusted R
R-square from the over-parameterized
parameterized results.
results
The
he parsimonious result is shown in the diagram below
below.

21 | P a g e

4.5

Post Estimation Test
 This will require verifying wh
whether
ether the estimates from the error correction model are
reliable. The most relevant post
post-estimation
estimation tests for dynamic model include Linearity
Test (using Ramsey Reset Test)
Test), Serial Correlation test (using the LM test), Normality
Test (using Jarque-Bera
Bera test) and S
Stability test (using CUSUM test). These tests are all
residual based and they are performed on the preferred model.

4.5.1 Linearity Test (Ramsey Reset Test)
 The essence is to find out if there is a linear relationship between the dependent
variable (MD) and the independent variables (GDP and INT). The null hypothesis is
that the model
odel under consideration is linear or correctly specified. The step by step
procedures for linearity
nearity are shown in the following figures:
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1

2

3

4
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 The null hypothesis for linearity cannot be rejected since the test statistics (t-statistic, fstatistic and likelihood ratio statistic) are not statistically significant.

4.5.2 Autocorrelation Test (LM Test)
To find out if our specification exhibits autocorrelation problem, EViews provides us with
several methods of testing for the presence of serial correlation. The Breusch-Godfrey LM
test is one of the prominent tests. The null hypothesis is that there is no serial correlation.
The following figures show step by step procedures for performing the test in EViews.

1

2
3

 The fourth step is to click OK on the Lags Specification box and the serial correlation
test results would appear as follows:
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Both statistics indicate that there is no presence of serial correlation in the model.

4.5.3 Stability Test (CUSUM Residual Test)
The CUSUM test for stability is meant to determine the appropriateness and the stability of
the model. Put differently, the CUSUM test is used to show whether the model is stable and
is suitable for making long run decision. The following figures demonstrate the step by step
procedures for performing CUSUM test in Views.

1

2

3
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 The fifth step is to click OK on the Recursive Estimation and the stability plot would
appear as follows.

The figure above shows that the plot of CUSUM for the model under consideration is within
the five per cent critical bound. This by implication suggests that the parameters of the model
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do not suffer from any structural instability over the period of study. That is, all the
coefficients in the error correction model are stable.

5.0 Testing for cointegration where series are of different order of
integration
As previously mentioned (under case three), the appropriate cointegration test is the one
proposed by Pesaran, Shin and Smith (2001) defined as bounds cointegration test. The
bounds test regression is theoretically specified in two ways below:
The original version of the specification is given as:
K

∆  Log ( MDt )  = α + β T + γ 1 Log ( MDt −1 ) + γ 2 Log ( GDPt −1 ) + γ 3 Log ( ITt −1 ) + ∑ λi ∆Log ( MDt −i )
i =1

M



j =0

r =0

+ ∑ψ j ∆Log ( GDPt − j ) + ∑ θ j ∆Log ( ITt − r ) + ε t

The Eviews version of the equation is given as:
Log ( MDt ) = α + β T + γ 1 Log ( MDt −1 ) + ⋅⋅⋅ + γ K Log ( MDt − K ) + γ 0 Log ( GDPt ) + γ 1 Log ( GDPt −1 ) + ⋅⋅⋅ +

γ M Log ( GDPt − M ) + ψ 0 Log ( ITt ) + ψ 1 Log ( ITt −1 ) + ⋅⋅⋅ + ψ  Log ( ITt −  ) + ε t
The relevant steps for the implementation of the test in Eview 9 are described below:
Step 1:

Specification of the model in static form

Click on Quick in the Menu bar and select Estimate Equation
Specify the appropriate static equation in the Equation Specification Window. In the case of
our model, we have:

log( MDt ) = β0 + β1 log(GDPt ) + β2 log( ITt ) + ε t
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Step 2: Choose the appropriate estimation technique
Click on the drop-down button in front of Methods under the Estimation settings and select
ARDL – Auto regressive Distributed Lag Models

Step 3:

Choose the appropriate maximum lags and trend specification

The lag length must be selected such that the degrees of freedom (defined as n-k) must not be
less than 30. The Linear Trend option under the Trend specification is also selected.
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Step 4:

Choose the appropriate lag selection criterion for optimal lag

Click on Options tab, then click on the drop-down button under Model Selection Criteria
and select the Schwarz Criterion (SC), then click Ok.
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Step 5:

Estimate the model based on Steps 1 to 4

Step 6:

Evaluate the preferred model and conduct bounds test

a.

Click on View on the Menu Bar

b.

Click on Coefficient Diagnostics

c.

Select the Bounds Test option
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The following ARDL Bounds Test result is displayed below:
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Step 7:

Interpret your result appropriately using the following decision criteria

The three options of the decision criteria are
i.

If the calculated F-statistic is greater than the Critical Value Bounds for the
upper bound I(1), then we can conclude that there is cointegration that is there
is long-run relationship.

ii.

If the calculated F-statistic falls below the theoretical critical value for the lower
bound I(0) bound, then we conclude that there is no cointegration, hence, no
long run relationship

iii.

The test is considered inconclusive if the F-statistic falls between the lower
bound I(0) and the upper bound I(1).

In the case of our empirical illustration as shown in the result window above, the F-statistic
obtained (4.3873) falls between the lower bound I(0)and upper bound I(1). Hence, we may
consider both long run and short run models.
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5.1 Estimating the short run model when there is no cointegration (under
case three)
Recall that we usually consider bound testing when series are of different order of
integration. Also note that the ARDL is the underlying model for estimating both long run
and short run when series are of different order of integration. Consider a typical ARDL
model below:

Yt = α + β1Yt −1 + γ 0 X t + γ 1 X t −1 + ε t

[1]

The ARDL(1,1) model as in [1] is a short run model
The long run model can be derived from equation [1] as demonstrated below.
Recall equation [1] given as:

Yt = α + β1Yt −1 + γ 0 X t + γ 1 X t −1 + ε t

[2]

Where α , β1 , γ 0 , and γ 1 are short run parameters.
In the long run, we assume that there are no changes in the behavioural pattern of economic
agents. In other words, economic agents are presumed to operate at their optimal level in the
long run (long run equilibrium). Therefore:

Yt = Yt −i

i = 1, ⋅⋅⋅, K

X t = X t− j

j = 1, ⋅⋅⋅, M

[3]

With reference to our ARDL(1, 1) specification in [1}

Yt = Yt −1
X t = X t −1

[4]

As a consequence, equation [1] becomes:

Yt =

α
1− β

+

γ 0 + γ1
ε
Xt + t
1− β
1− β

Yt = α * + γ * X t + vt
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[5]
[6]

 α 
 γ 0 + γ1 
*
 and γ = 
 are long run parameters
 1− β 
 1− β 

α*=

Other forms of equation [1] are illustrated below:
Scenario I:

If β1 = 0 , equation [1] becomes a ‘Distributed Lag Model’ and the short run
model is specified as:

Yt = α + γ 0 X t + γ 1 X t −1 + ε t

[7]

The long run model (with X t = X t −1 ) is given as:

Yt = α + (γ 0 + γ 1 ) X t + ε t
Yt = α + γ ** X t + ε t

[8]
[9]

α and γ ** which is equal to ( γ 0 + γ 1 ) are long run parameters
Scenario II: If λ1 = 0 , the model becomes a ‘Partial Adjustment Model’ and the short run
form is specified as:

Yt = α + β1Yt −1 + γ 0 X t + ε t

[10]

The long run model is given as:

Yt =

α
1− β

+

γ0
ε
Xt + t
1− β
1− β

Yt = α * + γ *** X t + vt

[11]
[12]

 α 
 γ0 
***
 and γ = 
 are long run parameters
1− β 
1− β 

α*= 

Scenario III: If β1 = 0 and λ1 = 0 , the model becomes a ‘Static Model’ and the long run model
is specified as:

Yt = α + γ 0 X t + ε t
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[13]

Going back to the original model, if we assume different order of integration for the series
under consideration and there is no cointegration; the short run dynamics can be evaluated
following the ARDL approach.
How can we use Eviews to estimate the short run model when there is no cointegration?
The following steps describe the underlying estimation procedure using Eviews 9:
Step 1:

Specification of the model in static form

Click on Quick on the Menu bar and select Estimate Equation
Specify the appropriate static equation in the Equation Specification Window. In the case of
our model, we have:

log(MDt ) = β0 + β1 log(GDPt ) + β2 log( ITt ) + ε t
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Step 2: Choose the appropriate estimation technique
Click on the drop-down button in front of Methods under the Estimation settings and select
ARDL – Auto regressive Distributed Lag Models
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Step 3:

Choose the appropriate maximum lags and trend specification

The lag length must be selected such that the degrees of freedom (computed as n-k) must not
be less than 30. The Linear Trend option under the Trend specification is also selected.

Step 4:

Choose the appropriate lag selection criterion for optimal lag

Click on Options tab, then click on the drop-down button under Model Selection Criteria
and select the Schwarz Criterion (SC), then click Ok.
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Step 5:

Estimate the model based on Steps 1 to 4

The result presented in step 5 gives the short run estimates for the model under
consideration.
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5.2 Estimating both long run and short run dynamics when there is
cointegration (under case three).
The underlying ARDL specification for the estimation of both long run and short run
dynamics is expressed below in original and Eviews versions:
The original specification as proposed by Pesaran, Shin and Smith (2001) [using the series in
our illustration] is given as:
K

∆  Log ( MDt )  = α + β T + γ 1 Log ( MDt −1 ) + γ 2 Log ( GDPt −1 ) + γ 3 Log ( ITt −1 ) + ∑ λi ∆Log ( MDt −i )
i =1

M



j =0

r =0

+ ∑ψ j ∆Log ( GDPt − j ) + ∑ θ r ∆Log ( ITt − r ) + ε t

[1]

The Eviews version of the equation is given as:
Log ( MDt ) = α + β T + γ 1 Log ( MDt −1 ) + ⋅⋅⋅ + γ K Log ( MDt − K ) + γ 0 Log ( GDPt ) + γ 1 Log ( GDPt −1 ) + ⋅⋅⋅ +

γ M Log ( GDPt − M ) +ψ 0 Log ( ITt ) + ψ 1 Log ( ITt −1 ) + ⋅⋅⋅ + ψ  Log ( ITt −  ) + ε t

[2]

Equations [1] and [2] can be re-parameterized to estimate an unrestricted error correction
model. Although the derivations are not rendered in this write-up, both the long run, short
run and error correction (speed of adjustment) parameters can be estimated using either
equation [1] or [2].
Let us consider an empirical application using our data comprising MD, GDP and INT.
The relevant steps for the implementation of the ARDL using Eviews 9 are illustrated below:
Step 1:

Specification of the model in static form

Click on Quick on the Menu bar and select Estimate Equation
Specify the appropriate static equation in the Equation Specification Window. The model in
this case could be specified as:

log(MDt ) = β0 + β1 log(GDPt ) + β2 log( ITt ) + ε t
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[3]
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Step 2: Choose the appropriate estimation technique
Click on the drop-down button in front of Methods under the Estimation settings and select
ARDL – Auto regressive Distributed Lag Models

Step 3:

Choose the appropriate maximum lags and trend specification

The lag length must be selected such that the degrees of freedom (computed as n-k) must not
be less than 30. The Linear Trend option under the Trend specification is also selected.
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Step 4:

Choose the appropriate lag selection criterion for optimal lag

Click on Options tab, then click on the drop-down button under Model Selection Criteria
and select the Schwarz Criterion (SC), then click Ok.
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Step 5:
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Estimate the model based on Steps 1 to 4

Step 6:

Estimate the long run model

a.

Click on View on the Menu Bar

b.

Click on Coefficient Diagnostics

c.

Select the Cointegration and Long Run Form option

The diagram below shows the result window for the ARDLCointegrating and Long Run
Form
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5.3

Diagnostic Tests for ARDL

As you may recall that ARDL is a linear regression model and therefore the underlying
assumptions of CLRM have to be verified. These assumptions as earlier highlighted are
linearity, homoscedasticity, serial correlation and normality among others. We have also
demonstrated how to test for these assumptions in our previous presentations involving
static regression models. Note that we have previously demonstrated how to use EViews to
test for these assumptions; nonetheless, the application is also extended to the ARDL model
estimated here.
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5.3.1 The Linearity Test
The test is meant to ascertain whether the model is linear or it is correctly specified. To
perform the test, select Views/Stability Diagnostics and then click OK on the RESET
Specification.
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Output from the Ramsey reset test reports the test regression, the F-statistic and t-statistic for
testing the hypothesis that the coefficients on the powers of fitted values from the regression
are jointly zero, that is, the model is correctly specified. The null cannot be rejected since the
p-value is more than 0.1.

5.3.2 The Serial Correlation Test
To check if our specification suffers from autocorrelation problem, Eviews provides several
methods of testing for the presence of serial correlation. The two common residual tests of
serial correlation are Correlogram-Q-Statistics and the Breusch-Godfrey LM tests

1.

The Correlogram-Q-Statistics

To ascertain the validity or otherwise of the estimates via Q-Statistics, from the regression
estimates, select View/Residual Diagnostics/Correlogram-Q-statistics and enter the
maximum lag order of serial correlation to be tested (say 5) in the Lag Specification dialog
then Click OK.
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EViews will display (as shown below) an Autocorrelation and Partial autocorrelation
functions of the residuals as well asLjung-Box Q-statistics for high-order serial correlation. If
there is no serial correlation, then, all the Q-statistics should be insignificant. In other words,
there is serial correlation, if the p-values are less than 0.10.

2.

The Breusch-Godfrey Serial Correlation LM Test

To ascertain the validity or otherwise of the estimates via LM Test Statistics, select
View/Residual Diagnostics/Serial Correlation LM Test. Specify the highest order of serial
correlation in the Lag Specification dialog box. Click OK.
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The result would appear as:

The null hypothesis of the test is that there is no serial correlation in the residuals up to the
specified lag order. EViews reports a statistic labeled "F-statistic" and "Obs*R-squared"
statistic.

5.3.3 Heteroscedasticity Test
Eviews offers variety of options for the Heteroscedasticity tests. For the purpose of our
illustration, we consider the Breusch-Pagan-Godfrey test.
 Select View/Residual Diagnostics/Heteroscedasticity Tests. Choose the default
option by clicking on Breusch-Pagan-Godfrey in the Test type box. Click OK and the
following results would appear:
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5.3.4

Normality Test

To perform the test, select View/Residual Diagnostic/Histogram Normality-Test, the
following result window is shown:
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