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·Disaggregate Demand: Choice versus Demand

·Choice Theory

·Discrete Choice Model
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·3ÙÈÝÌÓɯËÌÔÈÕËɯÐÚɯËÌÙÐÝÌËɯÍÙÖÔɯÐÕËÐÝÐËÜÈÓÚɀɯchoices Ą influenced by 
behaviour

·Demand model considering travel behaviour should be:

üDescriptive (not prescriptive) : how human beings behave, not how 
they should/ought to behave.

üAbstract : that can be formalized in general cases not specific to 
particular circumstances.

üOperational : can be applied to develop models with variables and 
parameters that can be observed and estimated

Choice versus Demands
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üA choice as outcome of sequential decision-making process that includes:

1. Definition of the choice problem

2. Generation of alternatives

3. Evaluation of attributes of alternatives

4. Choice making

5. Implementation

üA specific theory of choice is a collection of procedure that defines the 
elements:

1. Decision maker

2. Alternatives

3. Attributes of alternatives

4. Decision rules

Framework of Choice Theory
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üAggregate:  Collective information

·Number of trips generated by a zone

·Number of people using bus

·Number of people choosing a specific route

üDisaggregate: Individual decision maker level information

·What is Mr x choosing to do.

üHeterogeneous Decision maker : Wide variety in choice behaviour across the 
population:

· Induced from different individual attributes: socio -economic conditions, etc.

üAggregation biasȯɯÉÐÈÚÌËɯÐÕËÜÊÌËɯÍÖÙɯÖÝÌÙÓÖÖÒÐÕÎɯËÌÊÐÚÐÖÕɯÔÈÒÌÙÚɀɯÏÌÛÌÙÖÎÌÕÌÐÛàɯ
and non-linearity of response:

·Response function is non-linear with attributes

Decision Maker in Demand Model
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üAggregation bias: 
biased induced for 
overlooking decision 
ÔÈÒÌÙÚɀɯÏÌÛÌÙÖÎÌÕÌÐÛàɯ
and non-linearity of 
response:

üEcological Fallacy: 
Relationship changes 
ÉÌÛÞÌÌÕɯȿáÖÕÈÓɯÔÌÈÕɯ
ÐÕÊÖÔÌɀɯandȿÏÖÜÚÌÏÖÓËɯ
ÛÖÛÈÓɯÐÕÊÖÔÌɀ

Aggregation Bias
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Vehicle trips per HH versusIncome: 
Considering HH total income 

Vehicle trips per HH versusIncome: 
Considering zonal mean income 



Aggregation Subsides Variance/Heterogeneity
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Perception of level of 

service  = f(IVTT)

Transit In -Vehicle 
Travel Time (IVTT)

Aggregation requires 
considering sample 
statistics:

üAverage

üMedian

üMode 

üȱȭȭ



Disaggregate Travel Demand 
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·Modelling travel demands:

üDisaggregate: better capture systematic heterogeneity

üDiscrete: better define choice process and choice making behaviour

üRandom: better capture unobserved heterogeneity

üBehavioural Theory: Relationship without underlying theory is 
meaningless

·An ÐÕËÐÝÐËÜÈÓɯËÌÊÐÚÐÖÕɯÔÈÒÌÙɯȿiɀɯÞÏÖɯÔÜÚÛɯÊÏÖÚÌɯÖÕÌɯÈÓÛÌÙÕÈÛÐÝÌɯȿjɀɯÍÙÖÔɯÈɯÚÌÛɯ
of feasible alternative set ȿCiɀɯ(alternatives are mutually exclusive):

·Pi(j|c i)ǻɯÛÏÌɯ×ÙÖÉÈÉÐÓÐÛàɯÛÏÈÛɯÛÏÌɯ×ÌÙÚÖÕɯȿiɀɯÊÏÖÖÚÌÚɯȿjɀɯÍÙÖÔɯÛÏÌɯÊÏÖÐÊÌɯ

set c     = f(attributes of alternatives, 

attribute of the decision maker

attribute of the choice context



Discrete Choice Model
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·Concept of random utility: Decision maker makes choices to maximize utility.

1. Observed inconsistency in choice behaviour is mainly due to our observational 
deficiency.

2. Utilities of alternative are not constant or not known to us with certainty.

3. The choice probability of an alternative j to a person t is equal to the probability 
that the utility of the alternatives, U j is greater than or equal to the utilities of all 
other alternatives in the choice set.
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ü Choice model (Probability function of choosing an alternative) is defined by the assumption of Ϙ



Discrete Choice Model
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·Distributional assumption of random utility component, Ϙ

üNormal Distribution: Probit model

üType I Extreme Value Distribution: Logit model

üGeneralized Extreme Value Distribution: GEV model

·Difference between utilities of two alternatives are relevant: Absolute value of 
utility function has little to no meaning

·Marginal rate of substitution of two variables influencing the choice of discrete 
choice alternative = ratio of coefficients of the variables in the utility function

·Consumer surplus = social welfare = expected maximum utility of all alternatives 
in the choice set

·Elasticity = rate of change of probability with respect to rate of change in variable 
values



Discrete Choice for 2 alternative: Binary
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·Binary Logit model:                                                                           , 

·Binary Probit model:                                          

·In either model, the systematic utility function: Linear -in-parameter function

·Direct elasticity of alternative j with respect to xj (Logit model) 

·Cross elasticity of alternative j with respect to xk (Logit model) 

·Model parameters can be estimated by maximum likelihood estimation
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Discrete Choice for multiple alternatives
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·Multinomial Logit model ( ϟɯÐÚɯÛÏÌɯÚÊÈÓÌɯ×ÈÙÈÔÌÛÌÙȺ

·The systematic utility function: Linear -in-parameter function

·Direct elasticity of alternative j with respect to xj (of alternative k) 

·Cross elasticity of alternative j with respect to xk (of alternative k)

·Model parameters can be estimated by maximum likelihood estimation
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Issues with MNL: Independent and Irrelevant 

Alternatives - IIA
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·Cross elasticities of any variable/attribute of alternative j (xj) are equal

·Example: three alternatives for inter-city mode choice: Car, Transit, Air

üIncrease in parking cost for car will increase choice prob of Air and Transit 
equally

üIncrease in air fare will increase the choice prob of Car and Transit equally

üIncrease of transit fare will increase the choice prob of Car and Air equally 

·IIA can also lead to serious over-prediction of choice alternatives in the choice set 
if they have overlapping properties:

üSubset of alternatives has common attribute

)( ealternativ of choice on the  of elasticity  Cross kPxjx ikk b-=



Miss-Prediction if IIA are not Valid
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·Consider 2 alternatives and assume they have exactly same properties

·Paint half of the busses Red and half of the busses Blue: No change in services

·Consider  red and blue busses are separate alternative (even though they are not 
different in services) and use MNL

ü Car choice probability is under -predicted (it should be ½ as no new services are added)

ü Blue bus and red bus should have equal probability summed upto ½ , but the MNL over 
predicts to (2/3)
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Overcoming Effects of IIA
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·Overlooking overlapping properties of alternatives:

·Considering the overlapping of properties of alternatives by nesting

choice
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Red bus

Blue bus
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Overcoming IIA: Nested Logit (NL) Model
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Overcoming IIA: Nested Logit (NL) Model
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Overcoming IIA: Nested Logit (NL) Model
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Overcoming IIA: Nested Logit (NL) Model
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Here ϯ= ϟ1/ϟ2 is the Inclusive Value parameter capturing the degree of 
correlation among the nested alternatives   



Nested Logit (NL) Model
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choice

A

C D

B Alternative B nests 2 alternatives C & D
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Nested Logit (NL) Model
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choice

A

C D

B Alternative B nests 2 alternatives C & D
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Nested Logit (NL) Model
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choice

A

C D

B

Alternative B nests 2 alternatives C & D
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