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Presentation Overview

• What are stated choice experiments
• Experimental designs
• Generating experimental designs
• Efficient designs
• Rationale
• Current State of Practice
• Covariates and Experimental Design
• Testing of Efficient Experimental Designs
• Sample Optimisation
• How can you do this?
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Experimental Designs
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Experimental Designs

Q: why should this be 10 
here and 15 here?

Q: How do I determine 
what values go where?



Generating Experimental Designs

• Step 1: Specify the (final) model
– Tie the design (data) to the model
– Determine:

• How many and what alternatives?
• How many and what attributes?
• How many and what attribute levels?
• What type of parameters (generic vs alt specific)?
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β β
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3 2

car car car

bus bus bus

U Time Cost
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alternative-specific
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Generating Experimental Designs

• Step 2: Generating experimental designs
– Determine whether there is a no choice 

alternative
– Determine number of choice situations
– Determine type of design

• Orthogonal
• Optimal (orthogonal)
• Efficient



Generating Experimental Designs

• Step 3: Construct the questionnaire
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Efficient designs

Efficiency can be determined using the true parameter values.

Problem: true parameter values are unknown.

Solution: use prior parameter values as an indication.

Prior parameter values can be obtained from, e.g., literature and 
pilot studies.

Note: 
Using prior parameter values equal to zero (i.e. no information, not even the sign)
has a close correspondence with using an orthogonal design.



Efficient designs

(asymptotic) variance-covariance matrix of the 
parameter estimates using experimental design X , 
prior parameters    , and a sample size of N respondents
[Note: the standard errors are the roots of the diagonals]

D-error =
1 /det( ) K

NΩ

The lower the D-error, 
the higher the efficiency of the experimental design.

Aim: Determine experimental design X that generates the lowest D-error.

βΩ =%( , )N X

β%

Ωtr( ) /N KA-error =



Efficient designs

Interesting observation:

If all respondents face the same choice situations, then

1

1
( , ) ( , )N X X

N
β βΩ = Ω% %Hence, we can derive the asymptotic variance-covariance (AVC) matrix

with N respondents from the AVC matrix from a single respondent.

Furthermore:

β β=% %
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Efficient designs
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Rationale for including covariates
• One of the major problems with the experimental design literature 

dealing with stated choice is the emphasis on ‘experimental designs’.

• Generally, very little effort or thought is given to other questions in the 
survey, and the impact that these may have on the outcome of the
experiment.



Current State of Practice (1)
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Consider an experiment with two alternatives, described by 
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1.5--21263

2.0--23284

1.00019242

0.51117221

A5A4A3A2A1
Attribute
/ Level

The utility specifications are:



Current State of Practice (2)
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Current State of Practice (3)
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Current State of Practice (4)
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What if the priors are unreliable?

• Bayesian priors
– In Bayesian efficient designs, we do not 

assume fixed prior parameter values, but we 
assume random distributions of prior 
parameter values



What if the priors are unreliable?
Instead of assumed fixed prior parameter values, 
we can assume prior parameter distributions.
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What if the priors are unreliable?
Efficient designs:

Minimize D-error = 

Bayesian efficient designs:

Minimize Expected D-error =

A Bayesian efficient design is a more “stable” design that will
be relatively efficient over a range of prior parameter values.

( )βΩ % 1 /

det ( , )
K

N X

( )
β

β β ω βΩ∫∫∫
%

% % %1 /

det ( , ) ( | )
K

N X f d

This integral can be approximated by
• pseudo-Monte Carlo simulation
• Modified Latin Hybercube sampling
• quasi-Monte Carlo simulation (e.g., Halton, Sobol draws)
• Guassian quadrature



Testing of Efficient Experimental Designs

• Efficient experimental designs are only efficient if 
the assumptions under which they were 
generated hold.
– Researchers can use Bayesian priors to account for 

uncertainty in the exact prior values;
– Researchers can also fix the design and apply 

different priors to test what would happen under 
misspecification of the prior parameter estimates; 

– Researchers can fix the design and test using 
different model forms (e.g., MNL, NL, RPL)



Covariates and efficient designs (1)

• Many stated choice studies also include 
covariates as part of the utility specification.

• The impact that these covariates have on the 
efficiency of the experiment however, has until 
now, never been considered.



Covariates and efficient designs (2)

• Consider the same experiment, only now, let us 
attach a gender dummy (male = 1) to the utility 
of the second alternative, such that: 

1 1 2 3 4 5

2 1 2 3 4 5

0.5 0.5 0.4 0.9 0.7 0.8
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= − − − + − +
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Covariates and efficient designs (3)

The same design without 
the gender covariate

Adjusted for sample size N = 2



Covariates and efficient designs (4)

If we use this design, 
without considering 
gender

Adjusted for sample size N = 2

The same design without 
the gender covariate



Sample Optimisation (1)

• To date, we have assumed a sample size 
equal to one (or one male, one female).

• However, it is possible to weight the 
asymptotic (co)variance matrix by each 
type of respondent.



Sample Optimisation (2)

• Taking the same experimental design, let 
us assume a sample size of ten. 

• Assuming we must have at least one male 
and one female, would we be best to 
sample more or less males or females?



Sample Optimisation (3)



Sample Optimisation (4)

• We have assumed a single design 
assigned to both males and females. 

• Greater efficiency may be achieved if we 
allow for heterogeneous designs based on 
socio-demographic characteristics.



Sample Optimisation (5)



How Can You Do This?

• Program yourself
– Excel

• Use Existing Software
– Ngene



Future Research

• Expand to continuous covariates.
– Work currently being conducted on generating 

samples of respondents with continuous and non-
continuous covariates

• Test designs generated using different 
specifications in real world applications.
– Compare designs with, orthogonal, and optimal 

designs

• Move away from SC to RP design generation.
– Methods outlined here can be extended to RP data 

generation 


