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iii exY ++= 21 ββ

[ ] 0=ieE [ ] 2var σ=ie

jiallforee ji ≠= 0)cov(

[ ] 0=ii xeE

ix is exogenous, not random

Assumptions of a Regression Model
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How Regression Can do Better than Means in Prediction ?
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•The least square line is the line best fits the data set. 

•The least square line passes through the average values 
of  variables X and Y;.

•Differences between each observation and the line is 
represented by error terms . 

As some of them are above the line and others below the line
positive errors cancel out with the negative errors. 

•Each dot in the above graph represents an observation. 
•Some observations lie above the least square line and other 
observations lie below it. 

These errors represent missing elements from this relationship. 
Omitted variables
Measurement errors
Misspecification
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Normal Equations and Estimators
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[Total variation]  = [Explained variation] + [Residual variation]
df = T-1                        K-1 T-K-1
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Coefficient of determination
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Like Parameters R-Square is also a random variable.
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Linear, Unbiasedness and Minimum Variance  Properties 
of an Estimator (BLUE Property)
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Multiple Regression Analysis
Two explanatory variables 

iiii eXXY +++= ,22,121 βββ  
A multiple regression Model with k explanatory 
variables 

iikkii eXXY ++++= ,,121 ... βββ
 

Wage determination model  
( )ε,,,,,, 2 LGTAASfw =  

Profit 

( )εππ ,,,,,,, 2 wiyPaap c=  
Investment 

( )ε,,,,,, PDtskwrII =  
Money demand  

( )EcYi
P
M

P
M ,,,=  
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Derivation of Normal Equations in a Multiple 
Regression Analysis
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Algebraic Method
It is easier to solve this system in a deviation form defining deviation from 
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Algebraic Derivation of Parameters

Use value of the 3β̂  in equation (3’) to get value of 
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The values of 3β̂  and 2β̂  can be used to find the 
value of 1β̂ . 

23121
ˆˆˆ XXY βββ −−=  
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Using Cramer’s Rule for Deriving the Slope Parameters
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( ) ( ) 21' σβ −= XXCov   
 
This is also true for the deviation form

( ) ( ) 21' σβ −= xxCov .  
In this matrix, diagonal elements are variances and off-
diagonal elements are corresponding covariance.  
 
Using the property of a symmetric matrix we can write 

the variance and covariance of 2β̂  and 3β̂ . 

Variance and Covariance of Estimated OLS 
Parameters
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In order to get the variance of 1β̂ we need to solve 3 by 
3 inverse for ( ) 1' −XX  matrix. 

Estimators of Variance and Covariance of the 
OLS Estimators
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• consequences:
Here x1 is constant, x2 and x3 are explanatory variables. Further assume that x2 and x3
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This is the proof of the fact that when two variables are exactly correlated to each other
the least square procedure completely breaks down.

Mutlicollinearity
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Breakdown of OLS Estimation In Case of 
Multicollinearity in Matrix
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Causes: Learning, growth, improved data collection, outliers, 
omitted variables; 

Hetrosckedasticity
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jiallforjeie ≠=0)cov(
Assumption behind the OLS 

jiallforjeie ≠≠0)cov(
Autocorrelation exists when
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⎟
⎟
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⎞
⎜
⎜
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⎛ 2,0~ σNiv

ρ correlation coefficient  between –1  and 1 

Autocorrelation
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Linearity of the OLS 
Estimators

Linear regression model: ieixiY ++= 21 ββ  
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Unbiasedness of the Intercept 
Parameter
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Variance of the Intercept 
Parameter
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variance of 1β  has the minimum variance if 2β  has the
minimum variance.
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Variance of the Slope 
Parameter
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Let there be another estimator Linearity of estimator   which is also
linear and unbaised
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Linear and Unbiased Alternative 
Estimator
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Thus the variance of this alternative estimator bigger than the

variance of the OLS estimator 
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