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2.4:  Demand Estimation – Interpretation of OLS Results 

 
To prepare for this lecture, read Hirschey, chapter 5.  In particular, read the case “Demand Estimation for 
Mrs. Smyth’s Pies”.  Additionally, download the following data sets from the course webstite:  EDP, Smyth 
Pies, and Gasoline. 
 
Common OLS Assumptions 
In interpreting OLS results that any statistical software generates, it is important to first understand the 
underlying assumptions implicit in OLS estimation.  In addition to assuming that the model is linear and 
correctly specified, there are four important assumptions associated with the error terms: 
 
1. The error terms are normally distributed around zero.  In other terms, the error terms constitute 

what statisticians call white noise.  Technically, ei ~ N(0, ). 
2. There is no correlation between the errors – they are independent of one another.  In other words, 

the error term associated with one observation does not influence the error term associated with any 
other observations.  Technically, cov(ei, ej,|xi xj) = 0 

3. Homoscedasticity.  There is equal variance for all error terms, conditional upon the x values.  

Technically, var(ei|xi) = 
2
. 

4. There is no covariance between the errors and explanatory variables.  Technically, cov(ei, xi) = 0  
 
Common Problems with OLS Estimation 
Violation of any of these assumptions raises problems that undermine statistical inference based on 
estimated results.  We consider here four typical problems. 
 
1. Identification Problem 

This problem essentially arises from incorrect model specification.  In terms of demand estimation, it 
is best understood in terms of this diagram: 

 

 
 

In other words, when we generate parameter estimates, we are assume a stable demand function 
over the data observations.  But the observations could represent points on different demand curves.  
This might be the case, for example, if the observations come from distinctly different time periods or 
distinctly different geographic areas. 

 
2. Multicollinearity 

This is another problem that arises from incorrect model specification.  It refers to a situation in 
which there exists a near or perfect linear relationship between two of the explanatory variables.  In 
the case of a perfectly linear relationship, X’X will not be invertible because X will not have full 
column rank.  In this case, software packages will report that a singular or near-singular matrix exists, 
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and no parameter estimates will be generated.  In the case of a close linear relationship, variances 
associated with the estimates become very large, posing significant inference problems.   
 
One may think of multicollinearity as a situation in which there is significant overlap of explanatory 
power among the x variables. If explanatory variables exhibit systematic co-movements, then OLS 
regression will not be able to disentangle or isolate the influence of individual explanatory variables. 
 

 
 

3. Serial or Auto Correlation 
This problem arises when assumption #2 is violated.  In terms of demand estimation, it is sometimes 
the case that quantity demanded in one period maybe related or dependent upon the quantity 
demanded in the previous period (people do not tend to buy new cars on successive days).  If there is 
a pattern to this dependence, the errors will exhibit a systematic pattern.  If this is the case, standard 
errors will rise, creating problems of inference. 

 
4. Heteroskedasticity 

This problem arises when assumption #3 is violated.  If this is the case, standard errors will rise, 
creating problems of inference. 

 
 
Interpretation of OLS Results 
Keeping in mind the need to avoid the problems listed above, we will focus on three aspects of OLS 
estimation results. 
 
1. Overall explanatory power 

The R
2
 test statistic provides a measure of overall goodness of fit.  It ranges from zero to one and 

measures the amount of variability in the dependent variable that is explained by the explanatory 
varibles. 
 

2. Conformance to a prior expectations 
Here we concentrate on the signs of the parameter estimates.  For example, a positive sign on an 
own-price variable should raise concern, as this would represent a violation of the law of demand.  
 

3. Precision of parameter estimates 
Here we use the standard errors associated with the parameter estimates to conduct hypothesis tests 
whereby we can make evaluative statements about the magnitude of statistical relationships that 
exist between an explanatory variable and the dependent variable.  Parameter estimates are just that 
-- estimates of unknown true values, measured imperfectly (with measurement error).   
 
In evaluating the “precision” of a parameter estimate (and thus the level of confidence we may have 
in it), we adopt the standard hypothesis testing approach of assuming that the “true” value of the 
parameter is zero – that is that no statistical relationship exists between a specific explanatory 
variable and the dependent variable.  This is the null hypothesis, H0:  b = 0.  Then we determine with 
what level of confidence we may reject this null hypothesis.  The method for doing this makes use of 
statistical tables that summarize the likelihood of observing a given value if the true value were as 
assumed.  This involves the computation of a t-statistic, as follows: 
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The likelihood of the null hypothesis being correct (b = 0) falls as the t-statistic rises.  You can 
understand this by looking at the t-distribution: 
 

 
 
If the null hypothesis were correct (b = 0), then the likelihood of generating a t-statistic greater than two 
would be very small.  Hence, if we generate a t-statistic > 1.96, we say we can reject the null at a 5% level 
of confidence (two-sided test). 
 
Relevant Textbook Problems:  5.9 and 5.10 


