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Outline – Lecture 9

1. Error Correction Models ECM
2. Co-integration and ECM
3. Granger causality test
4. Vector Auto-Regression models (VAR) and 

Vector Error Correction Models (VECM)



1. Error Correction Models 

Belong to general ADL, (autoregressive distributed 
lag) models
We allow for lags in the dependent variable, and also 
lags of one or more variables used to help predict
An ADL(2, 2) of changes in the rate of inflation (infl) 
with changes in the rate of unemployment (unemp) 
as the lagged X variable:
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Δinflt = βο + β1Δinflt-1 + β2Δinflt-2 + β3Δunemt-1 +β4Δuenmpt-2 + εt



Error Correction Models 

A general statement for ADLs, with k X variables: 

Under what conditions can we make inference from 
estimates of this model? Stationarity
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Error Correction Models 

• An ADL (1,1) model is written as:

yt = α + βxt + γxt-1 + δyt-1 + et
• For simplicity, the lower case denotes logarithmic 

variables
• The error correction model was popularised in the 

late 1970s by the work of Hendry and others in 
modelling consumption behaviour

• In such a model, the short-term dynamics of the 
variables in the system are influenced by deviations 
from the long-run equilibrium.  



Error Correction Models 

• The model can be developed by reference to the 
ADL model’s long-run solution, which is given by:

y* = α/(1– δ) + (β+ γ)/(1 – δ)x*  
• The long-run effect is (β + γ)/(1 – δ)
• In economic theory it is useful to posit a long-run 

proportional relationship between variables
• We could impose a long-run restriction of unity on 

the relationship between y and x
• This would imply a long-run elasticity of unity 

between y and x.



Error Correction Models 

• In our case the parameter restriction is:
(β+ γ)/(1– δ) = 1 or   β+ γ = 1 – δ or  β+ γ + δ = 1
• If we return to the original dynamic model 

described above, ignoring the random error 
term, we have

yt = α + βxt + γxt-1 + δyt-1
and subtracting yt-1 from both sides, we obtain:
Δyt = α + βxt + γxt-1 – [1– δ]yt-1



Error Correction Models 

• If we now add and subtract βxt-1 to and from 
both sides we obtain: 

Δyt = α + βΔxt + [β + γ]xt-1 – [1– δ]yt-1

• If we now impose the unit restriction
β+ γ =  1– δ we obtain:

Δyt = α + βΔxt +  [1– δ]xt-1 – [1 – δ]yt-1

and re-arranging:
Δyt = α + βΔxt – [1– δ][y – x]t-1



Error Correction Models 

• Δyt = α + βΔxt – [1– δ][y – x]t-1
• The final term is the error correction mechanism itself
• This ensures that the system under consideration adheres to 

its long-run equilibrium path.  
• Any deviations or errors from it are corrected – hence the 

term error correction.  
• When the equilibrium holds y – x = 0, but during periods of 

disequilibria, when x and y diverge from their equilibrium 
path, y – x  ≠ 0.  

• The estimated coefficient [1–δ] is interpretable as a speed of 
adjustment parameter. A large value is indicative of a rapid 
response of the y variable to any disequilibrium shock. 



Error Correction Models 

• Δyt = α + βΔxt – [1– δ][y – x]t-1
• In order for convergence to occur δ must be less than 

1.  If δ is greater than 1, the system is explosive. 
• If y > x in the last period, the disequilibria is positive, 

and y has moved above its steady state.  
• The growth in y (Δyt ) next period must fall to ensure a 

movement back to the equilibrium path. Provided δ < 1 
this will occur in this model. 

• If y < x in the last period, the disequilibria is negative, 
and y has moved below its steady state.  The growth in 
y (Δyt) next period must rise to ensure a movement 
back to the equilibrium path.  Provided  δ < 1 this will 
also occur in this model.  The condition δ < 1 is 
necessary to ensure a stable model.



Error Correction Models 

• Δyt = α + βΔxt – [1– δ][y – x]t-1

• Equations like this were estimated extensively in the 
late 1970s and early 1980s on various data sets (e.g., 
consumption, imports, demand for money) to 
facilitate dynamic modelling

• OLS was invariably used in estimation but the 
problem was the error correction term itself

• unless the variables are stationary, the error 
correction term cannot be viewed as a stationary 
variable



2. Co-integration and ECMs

Δyt = α + βΔxt – [1 – δ][y –x]t-1 + vt
Δyt = α + βΔxt – φ[y – x]t-1 + vt
where φ is the speed of adjustment parameter. 
• If yt and xt are integrated of order one (i.e., I(1)), and their 

differences are integrated of order zero. This does not 
represent too much of a problem.  

• The problem comes in terms of the error correction 
mechanism variable [y – x]. 

• The only circumstances in which the [y – x] variable is 
stationary is if the two variables comprise a cointegrating
vector and the resultant linear combination is I(0).  This 
would mean that the ECM model is ‘balanced’ and 
contains a set of variables that are all integrated of the 
same order. 



Co-integration and ECMs

Δyt = α + βΔxt – φ[y – x]t-1 + vt
• Granger’s representation theorem states that if two (or 

more) variables are cointegrated, then there exists an error 
correction mechanism model representation for their 
relationship

• Indeed, if two variables are not cointegrated, then there 
cannot be a long-run relationship between the series and 
there can be no mechanism to ensure coherence to any 
long-run relationship, since one cannot exist.  This then 
implies that φ=0. In other words:

• Ho: φ = 0 [non-cointegration]
• Ha: φ < 0 [cointegration]
Engle-Granger twp o stage procedure (Lecture 7)



3. Granger Causality tests 

• The Autoregressive Distributed Lags ADL model 
forms the basis of the Granger causality test:

• If X and Y are stationary, then F-tests of lags of X in 
the Y equation and Y in the X equation can be 
thought of as testing the temporal causality, or, 
better, ‘predictability’
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Granger Causality tests 



Granger Causality tests 

Lebanese inflation rate and BDL Coincident Indicator

Does inflation Granger Cause the proxy for output?

First difference, you 
should know why



Granger Causality tests 

reject

accept

Does inflation Granger Cause the proxy for output? YES



4. VAR and VECM models 

• A univariate autoregression is a single-equation, single-
variable linear model in which the current value of a variable 
is explained by its own lagged values

• A VAR is an n-equation, n-variable linear model in which 
each variable is in turn explained by its own lagged values, 
plus current and past values of the remaining n - 1 variables.

• This simple framework provides a systematic way to capture 
rich dynamics in multiple time series, and the statistical 
toolkit that came with VARs was easy to use and to interpret

• If you have a number of stationary series that are likely to be 
interrelated, then it possible to estimate a set of ADL models, 
one for each of the series



Inflation, oil and Composite 
Indicator : Granger Causality



Inflation, oil and Composite 
Indicator: VAR





Inflation, oil and Composite 
Indicator: Impulse responses

•Impulse responses trace out the response of current and 
future values of each of the variables to a one-unit increase in 
the current value of one of the VAR errors, assuming that this 
error returns to zero in subsequent periods and that all other 
errors are equal to zero

• The implied thought experiment of changing one error while 
holding the others constant makes most sense when the errors 
are uncorrelated across equations







Some options for transforming the impulses:

• Residual-One Unit: ignores the units of measurement and the 
correlations in the VAR residuals so that no transformation is 
performed. 

• Residual-One Std. Dev. sets the impulses to one standard deviation of 
the residuals. This option ignores the correlations in the VAR residuals.

• Cholesky uses the inverse of the Cholesky factor of the residual 
covariance matrix to orthogonalize the impulses. This option imposes 
an ordering of the variables in the VAR and attributes all of the effect of 
any common component to the variable that comes first in the VAR
system. Note that responses can change dramatically if you change the 
ordering of the variables. You may specify a different VAR ordering by 
reordering the variables in the Cholesky Ordering edit box.

• Generalized Impulses as described by Pesaran and Shin (1998) 
constructs an orthogonal set of innovations that does not depend on 
the VAR ordering. The generalized impulse responses from an 
innovation to the j-th variable are derived by applying a variable specific 
Cholesky factor computed with the j-th variable at the top of the 
Cholesky ordering.



VAR and VECM models 
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4. VECM models 
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