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Economic Interpretation of 
Regression

Theory and Applications
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Classical and Bayesian Econometric Methods
Application of mathematical statistics to economic data for 

empirical support

• Statement of hypothesis
• Specification of the 

mathematical model
• Specification of econometric 

model
• Data collection
• Estimation of parameters of 

the econometric model
• Hypothesis testing
• Forecasting or prediction
• Using model for control or 

policy analysis

• Mehtodology of Bayesian 
Econometrics

• Bayesian prior 
• Sample information
• Posterior information

•Economic theory postulates a qualitative relation.
•Mathematical economics turns economic theory in equations.
•Economic statistics concerns with collecting, processing and presenting 
economic data.
•Econometricians estimate precise numerical estimates of these relations.

Econometrics
 
 
 
 
 

  Theoretical                                    Applied 
         
 
 
    
 
           Classical                  Bayesian                  Classical          Bayesian  
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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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Test of Normality and Level of Significance: Two Tail Test

( ) μ=xE

( )xf

2α
2α

σ
μ−

=
Xz

Acceptance regions

Lower 
Critical or 
Rejection 
region

Upper 
Critical or 
Rejection 
region

2.5% 2.5%
95%

( ) ( ) 95.0196.196.1 =−=≤≤ αzP

H0: Normality
Accept it if Z < ZCrit
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How Regression Can do Better than Means in Prediction ?
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•The least square line is the line that 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 others 
lie below it. 

These errors represent missing elements from this relationship. 
Omitted variables
Measurement errors
Misspecification
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that Minimised the Sum of Error Square
Or best fits of  the  the data1β 2βChoose 
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Normal Equations and Estimators
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Food expenditure and income: data and prediction

5.484111-3.9E-051313.517127.421813191843155311191
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y

36.4218sumysqsumxsqSumxySumxSumy
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sqpredepredeSqpredyYpredysquarexsquareXyX
Y
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The parameters are random variables; they vary by samples.
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Data in the Matrix Form
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Solving the OLS Model using a Matrix
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Elasticity around the mean of Y and X
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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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Interval Estimation and the level of 
significance
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One-tailed hypothesis test 

0:0 =kH β  

0: ≥kAH β  

Get the value of kβ̂  

Get the standard error of  kβ̂  

Compute t-ratio 

( ) ( )KT
k

k t
SE

t −

−
= ~ˆ

ˆ

β
ββ

 

 Compare it with the critical 

value of t from the t-

distribution table. 

• reject H0 if t ≤ tc 

Two-tailed hypothesis test 

0:0 =kH β  

0: ≠kAH β  

Get the value of kβ̂  

Get the standard error of  kβ̂  

Compute t-ratio 

( ) ( )KT
k

k t
SE

t −

−
= ~ˆ

ˆ

β
ββ

 

 Compare it with the critical 

value of t from the t-

distribution table. 

• reject H0 if the computed t-value is greater 

than or equal to tc, or less than or equal to −tc. 
 

Hypothesis Testing About the Mean
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Testing Restrictions in a Multiple Regression Model: F-test

Model   tt eXXXY ++++= 3322110 ββββ  
Test 
Null Hypothesis:          0: 3210 === βββH   
Alternative hypothesis 11 : βH or 2β or 3β  
   or any two of them or all are nonzero.  
                                 At least one of them is significant. 

F-test for overall significance of the model 

( )21 ,
22

11 ~ mmF
mV
mVF =  

1V = sum of variation due to explanatory variables and  
2V  = sum of variation not explained (squared residuals)  

m1 = degrees of freedom of k explanatory variables (K-1)  
m2 = degrees of freedom of for residual (N-K)  
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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 

2β̂  
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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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• consequences:
Here x1 is constant, x2 and x3 are explanatory variables. Further assume that x2 and x3
are perfectly correlated: ii xx ,1,2 λ= . Then (7.10) and (7.11) become as following:
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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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Causes: Learning, growth, improved data collection, outliers, 
omitted variables; 

What is hetrosckedasticity?
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jiallforjeie ≠=0)cov(
Assumption behind the OLS 

jiallforjeie ≠≠0)cov(
Autocorrelation exists when

ivieie +−= 1ρ
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⎟
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⎞
⎜
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⎛ 2,0~ σNiv

ρ correlation coefficient  between –1  and 1 

What is autocorrelation


