
Binary Choice ModelBinary Choice Model
Concept of Choice ModelConcept of Choice Model

yy

Discrete Choice Model
Decision making process:Decision making process:
Individual makes a marginal benefit-marginal 

cost calculation based on the utilities 
achieved by each choiceachieved by each choice.

Model shows factors that influence decision 
making through the index function.

I d  f ti  d t i  t t b fit f Index function determines net cost-benefit of 
each choice individual make.
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Concept of Choice ModelConcept of Choice Modelpp
Index function

I x   

Where I is unobserved variable of the   
difference between benefit and costdifference between benefit and cost

 is normally or logistic distributed 
ith  0 d i  1with mean 0 and variance 1

The observation is
y = 1 if  I > 0
y = 0 if I ≤ 0y = 0 if I ≤ 0
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LogitLogit ModelModel
Random Utility Models

a
a aU x    b

b bU x   and

 

Y=1 if consumer’s choice of alternative a :
Pr( 1 ) Pr a b

iP y x U U     

Pr 0a a b bx x x          

   Pr 0a b a bx x         

 Pr 0x x     
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LogitLogit ModelModelgg
iI x Index function

Assume that the probability function that the 
choice will be chosen is logistic distribution:

1Pr( 1 )P y x  

choice will be chosen is logistic distribution:

Pr( 1 )
1i xP y x

e   

1 ( )

1 1

x

i x x

eP x
e e



  


 
   

 1 1e e 
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ProbitProbit ModelModel
Unobservable utility index (Ii) or latent var.

xIi 

Assume Ij* is threshold or critical level.
*Pr( 1 ) ( ) ( ) ( )i i iP y x P I I F x x        

Assume (.) is cumulative normal distribution 
functionfunction.
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Marginal EffectMarginal Effect
Logit Model

 Pr 1 ( )Y x x   

   1
E y x

x x  
            1x x
x

     
Probit Model

 Pr 1 ( )Y x x   

Probit Model

 
E y x    

 

 
y

x
x

    

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Overall Significance TestOverall Significance Test
H0: 2 = 3 = … = k = 0

Test Statistic 2
( )2(ln ln ) ~UR R kL L 

wherewhere
ln LUR = Log-likelihood value of estimated modelUR g
ln LR = Log-likelihood value of restricted model

Individual TestIndividual Test----Pseudo tPseudo t--testtest
Pseudo t-test:   H0: i = 0

̂T t St ti ti
ˆ

~ (0,1)
i

iPseudo t test or Z test N
s



  Test Statistic
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Measure Goodness of Fit
McFadden R2

2 ln1
ln

URLMcFadden R
L

 
ln RL

where
ln LUR = Log-likelihood value of estimated model
ln LR = Log-likelihood value of restricted model

f th  ll t tof the overall test

By Tatre Jantarakolica8



Measure Goodness of FitMeasure Goodness of Fit
Efron R2

2 2ˆ1 ( )
n

i i
nEfron R y P

n n
 

   
 


11 2 in n  

where
yi = Actual value

= Predicted probability Prob[y=1]îP
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Forecasting Error IndexForecasting Error Indexgg
Counted R2

2 No of Correct Prediction2 .
.

No of Correct PredictionCounted R
Total No of Observation



wherewhere
If Prob[y=1] or              , then,  ˆ 0.5P  ˆ 0y 

If Prob[y=1] or              , then,  ˆ 0.5P  ˆ 1y 

Example 1 2 90 3 0.93 93%
100

Counted R or
 

Predicted Y=0 Predicted Y=1 Total
Actual Y=0 90 5 95

Actual Y=1 2 3 5

Total 92 8 100
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Forecasting Error IndexForecasting Error Indexgg
Counted R2

Predicted Y=0 Predicted Y=1 Total

Example 2

Actual Y=0 95 0 95

Actual Y=1 5 0 5

Total 100 0 100

95 02 95 0 0.95 95%
100

Overall Counted R or
 

2 950 1.00 100%
95

Y Counted R or  

2 01 0.00 0%
5

Y Counted R or  

By Tatre Jantarakolica11


