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AUTOCORRELATION CONDITION

THE GAUSS-MARKOV MODEL
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Wrong standard error – invalid inference

THE AUTOCORRELATION EFFECT
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Stationary condition

FIRST ORDER TEMPORAL AUTOREGRESSION
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FIRST ORDER TEMPORAL AUTOREGRESSION
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Upsilon is an error term meeting Gauss-Markov conditions. Accordingly we can use 
it as the error term in the following transformed  model:

OLS of the transformed model is only an approximation to GLS since, the first 
observation is excluded from the analysis (Cochrane-Orcutt estimator).

For a large sample size, the exclusion will not have a large impact on the results. 

GLS ESTIMATOR
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Rescuing the first observation by assuming that epsilon 1 is uncorrelated with 
all upsilon 

Since variance of epsilon 1 is larger than variance of upsilon, the first observation 
should be transformed by multiplying it by square root of one minus rho square, 
giving the following model 

Applying OLS on the two models produces a BLUE GLS estimator (Prais-Winsten
estimator).

GLS ESTIMATOR
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Using rho-hat instead of rho in the transformation.
Rho-hat from OLS is biased but consistent. 
Accordingly an iterative procedure is required:

1. Apply OLS on untransformed data, calculate the residuals
2. Estimate rho-hat

3. Apply EGLS, obtain beta-hat. 
4. Calculate residuals and rho-hat.
5. Repeat step 3-4 until beta-hat and rho-hat are convergent.

The estimator is not BLUE but consistent and efficient.

EGLS ESTIMATOR
ITERATIVE COCHRANE-ORCUTT PROCEDURE
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HETEROSKEDASTICITY AND AUTOCORRELATION CONSISTENT 
STANDARD ERROR
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