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Figure 8.1   Heteroskedastic Errors
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Figure 8.2   Least Squares Estimated Expenditure Function and Observed Data Points



The existence of heteroskedasticity implies:

The least squares estimator is still a linear and unbiased estimator, but 

it is no longer best. There is another estimator with a smaller 

variance.

The standard errors usually computed for the least squares estimator 

are incorrect. Confidence intervals and hypothesis tests that use these 

standard errors may be misleading.
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ˆ 83.42 10.21
(27.46) (1.81) (White se)
(43.41) (2.09) (incorrect se)
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To obtain the best linear unbiased estimator for a model with 

heteroskedasticity of the type specified in equation (8.11):

1. Calculate the transformed variables given in (8.13).

2. Use least squares to estimate the transformed model given in (8.14).



The generalized least squares estimator is as a weighted least 

squares estimator. Minimizing the sum of squared transformed errors 

that is given by:

When is small, the data contain more information about the 

regression function and the observations are weighted heavily. 

When is large, the data contain less information and the 

observations are weighted lightly.
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ˆ 78.68 10.45
(se) (23.79) (1.39)
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The steps for obtaining a feasible generalized least squares estimator 

for                    are:

1. Estimate (8.25) by least squares and compute the squares of the 

least squares residuals     .

2. Estimate                     by applying least squares to the equation 
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3. Compute variance estimates                                      .

4. Compute the transformed observations defined by (8.23), 

including                 if          .

5. Apply least squares to (8.24), or to an extended version of (8.24) 

if           .
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Feasible generalized least squares:

1. Obtain estimated       and      by applying least squares separately to 

the metropolitan and rural observations.

2.  

3. Apply least squares to the transformed model
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Remark: To implement the generalized least squares estimators 

described in this Section for three alternative heteroskedastic

specifications, an assumption about the form of the 

heteroskedasticity is required. Using least squares with White 

standard errors avoids the need to make an assumption about the 

form of heteroskedasticity, but does not realize the potential 

efficiency gains from generalized least squares.



8.4.1 Residual Plots

Estimate the model using least squares and plot the least squares 

residuals.

With more than one explanatory variable,  plot the least squares

residuals against each explanatory variable, or against    , to see if 

those residuals vary in a systematic way relative to the specified 

variable. 
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8.4.2 The Goldfeld-Quandt Test
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8.4.2 The Goldfeld-Quandt Test
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8.4.3 Testing the Variance Function
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8.4.3 Testing the Variance Function
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8.4.3 Testing the Variance Function
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8.4.3a   The White Test
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8.4.3b   Testing the Food Expenditure Example
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