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The basics

Latent classes

 Discrete groups of decision-makers with specific preferences, called classes
 Classes are unobserved (latent)

 Decision-makers belong to one of the classes
 Data allows one to obtain an estimated probability of class membership

 Parameters for all classes are estimated simultaneously
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The basics

Notation

 Assume C classes, indexed as  
 Each class has class-specific parameters
 Each class has membership probability        such that c
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The basics

Example

 Consider a choice model with the following utility functions
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Estimating latent class models

Recall maximum likelihood estimation procedure

 Exogenous data x
 Choice observations y 

 Specify utility functions with parameters  

 Find parameter estimates       that                                                     
maximise the (log)likelihood of observing y based on data x
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Estimating latent class models

Maximum likelihood estimation for latent class models

 Exogenous data x
 Choice observations y 

 Specify utility functions with parameters  
 Specify number of classes C
 Find class-specific parameter estimates         and class membership probabilities         that 

maximise the (log)likelihood of observing y based on data x using class-weighted probabilities 
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Estimating latent class models

Selection of model type for each class

 Choice probabilities                    of each latent class can be derived from
 Multinomial logit (MNL)
 Nested logit
 Heteroskedastic logit
 Etc.

 Combinations can provide flexibility

 Most common: MNL for each class
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Estimating latent class models

Class membership probabilities

 Instead of estimating         directly, they are typically estimated indirectly
 Use logit model with only constants

 Class membership constant of one class must be normalised to zero
 For example, for the last class, C, we set
 It does not matter which class you choose for normalisation
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Estimating latent class models

Example

 Estimate constants in logit model for class membership
 Normalise class membership constant of Class 3 to zero
 Most people belong to Class 2, least people belong to Class 1
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Estimating latent class models

General class membership functions

 Class membership probabilities         may depend on
 socio-demographic variables z
 scenario variables w
 other variables

 Use logit model with class membership functions

 One needs to normalise parameters of one class to zero
 For example, for the last class, C, we set 
 It does not matter which class you choose for normalisation
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Estimating latent class models

Example

 Assume the following class membership functions
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Estimating latent class models

Starting values for parameters when estimating latent class models

 Use parameter estimates from MNL model
 For each class, make small deviations to avoid getting ‘stuck’ during model estimation
 Try multiple starting values
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Estimating latent class models

Choosing number of classes, C

 Start with two classes
 Gradually increase the number of classes and re-estimate the model
 Compare models with different number of classes based on model fit and interpretability

 More classes always improves the LL value but requires estimating (many) more parameters
 Models with low AIC or BIC are preferred
 Models with meaningful/explainable insights are preferred
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Application to Swiss value of time study

Model

 Utility functions:

 Assume two classes, with only constants in membership functions:
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Application to Swiss value of time study

Estimation results

 Class 1 members are much more cost sensitive
 Class 1 members are much more averse to interchanges
 Class membership probability is not statistically different across classes (so about 50-50%)
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Application to Swiss value of time study

Model comparison

 Which model is preferred?

 MNL model
 1 class
 5 parameters

 Latent class model
 2 classes
 10 parameters
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Application to Swiss value of time study

Model comparison

 Which model is preferred?

 MNL model
 1 class
 5 parameters

 Latent class model
 2 classes
 10 parameters
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