
Vector Error Correction Models 

 

The vector autoregressive (VAR) model is a general framework used to describe the dynamic 

interrelationship among stationary variables. So, the first step in time-series analysis should be to 

determine whether the levels of the data are stationary. If not, take the first differences of the series and 

try again. Usually, if the levels (or log-levels) of your time series are not stationary, the first differences 

will be.  

If the time series are not stationary then the VAR framework needs to be modified to allow consistent 

estimation of the relationships among the series. The vector error correction (VEC) model is just a special 

case of the VAR for variables that are stationary in their differences (i.e., I(1)).  The VEC can also take 

into account any cointegrating relationships among the variables. 

Consider two time-series variables, 
ty  and .tx  Generalizing the discussion about dynamic 

relationships to these two interrelated variables yields a system of equations: 
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The equations describe a system in which each variable is a function of its own lag, and the lag of the 

other variable in the system. In this case, the system contains two variables y and x. Together the 

equations constitute a system known as a vector autoregression (VAR). In this example, since the 

maximum lag is of order one, we have a VAR(1). 

If y and x are stationary, the system can be estimated using least squares applied to each equation. If y 

and x are not stationary in their levels, but stationary in differences (i.e., I(1)), then take the differences 

and estimate: 
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using least squares.  

If y and x are I(1) and cointegrated, then the system of equations is modified to allow for the 

cointegrating relationship between the I(1) variables. Introducing the cointegrating relationship leads to a 

model known as the vector error correction (VEC) model. 

ESTIMATING A VEC MODEL 

In the first example, data on the Gross Domestic Product of Australia and the U.S. are used to estimate a 

VEC model. We decide to use the vector error correction model because (1) the time series are not 

stationary in their levels but are in their differences (2) the variables are cointegrated. Our initial 

impressions are gained from looking at plots of the two series.  

To get started, change the directory to the one containing your data, open a new log file, and load 

your data. In this exercise we’ll be using the gdp.dta data.  

 

open gdp 



 

The data contain two quarterly time series: Australian and U.S. GDP from 1970q1 to 2004q4.  

 

Plotting the levels and differences of the two GDP series suggests that the data are nonstationary in levels, 

but stationary in differences. In this example, we used the gnuplot command with the  

switch.  

 

gnuplot aus usa --with-lines=aus --time-series --output=display 

 

The –with-lines=aus switch is used so that it is easier to distinguish the series (helpful if printing in 

grayscale).   

 

 

 
 

Neither series looks stationary in its levels. They appear to have a common trend, an indication that they 

may be cointegrated.  

Unit root tests are performed using the augmented Dickey-Fuller regressions, which require some 

judgment about specification. The user has to decide whether to include a constant, trend or drift, and lag 

lengths for the differences that augment the regular Dickey-Fuller regressions. 

Repeat using the differenced data: 

 

gnuplot d_aus diff(usa) --with-lines=d_aus --time-series --output=display 

 

 

The differences are graphed and this gives some clues about specification. The graph below shows 

little evidence of trend or drift.  



 
 

Lag lengths can be chosen using model selection rules or by starting at a maximum lag length, say 4, 

and eliminating lags one-by-one until the t-ratio on the last lag becomes significant.  

 

adf 4 aus --test-down --verbose 

adf 4 usa --test-down –verbose 

 

Through process of elimination the decision is made to include the constant (though it looks 

unnecessary) and to include 1 lag for aus and 2 for the usa series. The –test-down switch is used with a 

maximum lag length of 4 and these are the lags suggested by the series of sequential t-tests employed by 

gretl 

Augmented Dickey-Fuller test for aus 

including 4 lags of (1-L)aus (max was 4) 

sample size 119 

unit-root null hypothesis: a = 1 

 

   test with constant  

   model: (1-L)y = b0 + (a-1)*y(-1) + ... + e 

   1st-order autocorrelation coeff. for e: 0.012 

   lagged differences: F(4, 113) = 1.833 [0.1274] 

   estimated value of (a - 1): 0.00960271 

   test statistic: tau_c(1) = 2.27582 

   asymptotic p-value 1 

 

   with constant and trend  

   model: (1-L)y = b0 + b1*t + (a-1)*y(-1) + ... + e 



   1st-order autocorrelation coeff. for e: 0.013 

   lagged differences: F(4, 112) = 1.845 [0.1252] 

   estimated value of (a - 1): -0.0117612 

   test statistic: tau_ct(1) = -0.612377 

   asymptotic p-value 0.9779 

 

? adf 4 usa --test-down 

 

Augmented Dickey-Fuller test for usa 

including 2 lags of (1-L)usa (max was 4) 

sample size 121 

unit-root null hypothesis: a = 1 

 

   test with constant  

   model: (1-L)y = b0 + (a-1)*y(-1) + ... + e 

   1st-order autocorrelation coeff. for e: 0.007 

   lagged differences: F(2, 117) = 5.022 [0.0081] 

   estimated value of (a - 1): 0.00529618 

   test statistic: tau_c(1) = 1.85558 

   asymptotic p-value 0.9998 

 

   with constant and trend  

   model: (1-L)y = b0 + b1*t + (a-1)*y(-1) + ... + e 

   1st-order autocorrelation coeff. for e: 0.005 

   lagged differences: F(2, 116) = 5.694 [0.0044] 

   estimated value of (a - 1): -0.0142645 

   test statistic: tau_ct(1) = -0.859115 

   asymptotic p-value 0.9588 

 

In each case, the null hypothesis of nonstationarity cannot be rejected at any reasonable level of 

significance.  In none of the ADF regressions (with constant and with constant and trend) the author 

estimated was either ADF statistic even close to being significant at the 5% level. Satisfied that the series 

are nonstationary in levels, their cointegration is explored. 

 

Next, estimate the cointegrating equation using least squares. Notice that the cointegrating 

relationship does not include a constant.  

 

gretl version 1.9.11cvs 

Current session: 2013-03-11 16:46 

? ols aus usa 

 

Model 15: OLS, using observations 1970:1-2000:4 (T = 124) 

Dependent variable: aus 

 

             coefficient   std. error   t-ratio    p-value  

  --------------------------------------------------------- 

  usa         0.985350     0.00165664    594.8    1.35e-214 *** 

 

The residuals are saved in order to conduct an Engle-Granger test of cointegration and plotted.  
 



series ehat = $uhat 

gnuplot ehat -–time-series -–with-lines -–output=display 

 

 
 

The residuals have an intercept of zero and show little evidence of trend. Finally, the saved residuals are 

used in an auxiliary regression 
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The gretl command is: 
 

ols diff(ehat) ehat(-1)  

 

gretl version 1.9.11cvs 

Current session: 2013-03-11 16:49 

? ols diff(ehat) ehat(-1) 

 

Model 16: OLS, using observations 1970:2-2000:4 (T = 123) 

Dependent variable: d_ehat 

 

             coefficient   std. error   t-ratio   p-value 

  ------------------------------------------------------- 

  ehat_1      -0.127937    0.0442792    -2.889    0.0046  *** 
 

 



 

The t-ratio is equal to −2.89. The 5% critical value for a cointegrating relationship with no intercept is 

2.76 and so this falls within the rejection region of the test. The null hypothesis of no cointegration is 

rejected at the 5% level of significance.  

To measure the one quarter response of GDP to economic shocks we estimate the vector error 

correction model by least squares. 

 

ols d_aus const ehat(-1) 

ols d_usa const ehat(-1) 

 

The VEC model results the Australian GDP are: 

 

Model 17: OLS, using observations 1970:2-2000:4 (T = 123) 

Dependent variable: d_aus 

 

             coefficient   std. error   t-ratio    p-value  

  --------------------------------------------------------- 

  const       0.491706     0.0579095     8.491    6.12e-014 *** 

  ehat_1     -0.0987029    0.0475158    -2.077    0.0399    ** 

 

 

The significant negative coefficient on 
1t̂e 
 indicates that Australian GDP responds to disequilibrium 

between the U.S. and Australia.  For the U.S.: 

 

? ols d_usa const ehat(-1) 

 

Model 18: OLS, using observations 1970:2-2000:4 (T = 123) 

Dependent variable: d_usa 

 

             coefficient   std. error   t-ratio    p-value  

  --------------------------------------------------------- 

  const       0.509884     0.0466768    10.92     9.51e-020 *** 

  ehat_1      0.0302501    0.0382992     0.7898   0.4312    

 

The U.S. does not appear to respond to disequilibrium between the two economies; the t-ratio on 1t̂e   is 

insignificant. These results support the idea that economic conditions in Australia depend on those in the 

U.S. more than conditions in the U.S. depend on Australia. In a simple model of two economy trade, the 

U.S. is a large closed economy and Australia is a small open economy.   
 

To add some realism, we will add some lagged changes to the right-hand-side of the model.  Previous 

analysis suggested lags of 2 or 3 might be considered.  Also, the VECM will be estimated by maximum 

likelihood as well as least squares to compare results. 

 

First, least squares (aus): 

 

? ols d_aus const d_aus(-1 to -2) d_usa(-1 to -2) ehat(-1) 

 

Model 21: OLS, using observations 1970:4-2000:4 (T = 121) 

Dependent variable: d_aus 



 

             coefficient    std. error    t-ratio    p-value 

  ---------------------------------------------------------- 

  const       0.240437      0.0927237     2.593      0.0107  ** 

  d_aus_1    -0.000872877   0.104328     -0.008367   0.9933  

  d_aus_2    -0.0374323     0.102465     -0.3653     0.7155  

  d_usa_1     0.259420      0.128957      2.012      0.0466  ** 

  d_usa_2     0.279547      0.130667      2.139      0.0345  ** 

  ehat_1     -0.0735086     0.0493783    -1.489      0.1393 

 

And the MLE (lot’s of results suppressed) 

 

vecm 3 1 aus usa --verbose 

 

Equation 1: d_aus 

 

             coefficient    std. error    t-ratio     p-value 

  ----------------------------------------------------------- 

  const      -0.0295258     0.143083     -0.2064      0.8369  

  d_aus_1     4.99573e-05   0.100145      0.0004988   0.9996  

  d_aus_2    -0.0431849     0.0985088    -0.4384      0.6619  

  d_usa_1     0.208285      0.129133      1.613       0.1095  

  d_usa_2     0.224547      0.131259      1.711       0.0898  * 

  EC1        -0.121861      0.0483407    -2.521       0.0131  ** 

 

The error correction term from least squares is negative, but not significant at 5% (t = -1.489).  It is 

significant when estimated by ML though (t = -2.521).  Notice that the coefficients on the second lagged 

difference for USA are significant, suggesting that this specification is probably better than the original 

one (though the results are quite similar). 

 

hansl 

open gdp 

diff aus usa 

gnuplot aus usa --with-lines=aus --time-series --output=display 

gnuplot d_aus diff(usa) --with-lines=d_aus --time-series --output=display 

 

adf 4 aus --test-down  

adf 4 usa --test-down  

 

ols aus usa 

series ehat = $uhat 

gnuplot ehat --with-lines --time-series --output=display 

 

ols diff(ehat) ehat(-1) 

 

ols d_aus const ehat(-1) 

ols d_usa const ehat(-1) 



 

# ml estimation 

vecm 3 1 aus usa --verbose 

# least squares estimation 

ols d_aus const d_aus(-1 to -2) d_usa(-1 to -2) ehat(-1) 

ols d_usa const d_aus(-1 to -2) d_usa(-1 to -2) ehat(-1) 

 

coint 4 aus usa --test-down 


