
Designing Choice 
Experiments



First, Advice

Howard’s Law:

The scope of a research question is correlated with your ability to reasonably 
answer it
• Broad, general, vague questions are very difficult to answer
• Pointed, specific questions are more readily answered with some 

confidence

Research papers follow a simple rubric: I ask a research question, then use 
evidence to test this research question
• One of the easiest ways to be rejected is to ask a question that is too 

big/difficult to be answered using the means available to you



Why Use Choice Experiments?

Markets do a shitty job valuing a good/amenity of interest

• No market exists

• Externalities lead to market failure

Several disciplines currently use choice experiments

• Environmental Economics

• Agricultural Economics

• Marketing

• Transportation Economics

• Health Economics

• And more!



Questions you might want to answer

Many types of questions; I’ll focus on three:

1. Broad “total value” questions

What is the demand for my new product (Sustainable fish, a beach before/after nourishment, etc.)?

How much would it cost to enroll 5,000 acres in some Payment for Ecosystem Service program 
(Agricultural BMPs, red wolf preservation area, etc.)?

2. Narrower “marginal value” questions

How does demand change as I alter the attributes of this product (level of sustainability, area of 
beach nourishment, size of offshore wind farm)?

How does the marginal cost of the program change as I alter program attributes?

3. Methodological questions

How does the structure of the choice environment alter responses?

How do different econometric methods, applied to the same data, alter the answers to the first two 
types of questions?



Two Examples: WTP and WTA

We’ll consider two examples, one that involves willingness-to-pay 
(WTP) to receive amenities and one that involves willingness-to-accept 
(WTA) to deliver some amenity-enhancing practice.

WTP for beach nourishment

WTA for installing field-edge grass filter strips on farms



First Method: Open-ended response

One possible method:

Describe a beach enrichment program in detail. Tell respondents it will be paid for by a one-time tax on households. Ask what is the 
most they would be willing to pay in this tax for the program.

Assume you sample N respondents from a relevant population N

From here, you could use several methods:

• Use their responses to construct a demand curve

• Use the average WTP as a proxy for how much people are willing to pay for the project. averageWTP*N

• Find the median value; Assume you could raise N*MedianWTP, as a tax of this size would have popular support (at least 50% of 
people were willing to pay more)

Are there any problems with this?

Yes; this method often gives you crazy bad data.



Issues

Hypothetical Bias

I have no idea how much I value this thing; I have some idea, but I’m 
more willing to say I’ll pay more than I am to actually pay more

I’m misreporting my WTP, but basically by accident

Strategic Response

I am purposely misreporting my WTP

Some may purposely inflate WTP, some may purposely deflate WTP 
(protest votes)



Method 2: Closed-ended Valuation

Another possible method:

Describe a beach enrichment program in detail. Tell respondents it will be paid for by a one-time tax on households. Ask “Would you 
be willing to pay $X for the program?”

If initial “yes”, ask would they be willing to pay $X+x, continue to add x until the answer is no or a threshold is reached.

If initial “no”, ask would they be willing to pay $X – x, continue to subtract x until the answer is yes or zero is reached.

This method doesn’t give you a point estimate for WTP, but it gives an interval estimate. From here, you can

• Use their responses to construct a demand curve

• Use the average WTP as a proxy for how much people are willing to pay for the project. averageWTP*N

• Find the median value; Assume you could raise N*MedianWTP, as a tax of this size would have popular support (at least 50% of 
people were willing to pay more)

Any problems?



Method 3: Discrete Choice

Give the respondent a set of options. Have them choose the preferred option.

Two common versions of this

1. Referendum-style binary choice: Describe a program, including the cost to the household of 
implementing the program. Ask whether the individual would vote for enacting the program.

2. Multinomial choice: Present respondents with a side-by-side list of multiple options. These 
include different programs as well as a “none of the offered/status quo” option. Ask the 
individual to choose their preferred option.

Good: dramatically limits strategic response (not necessarily eliminates)

Bad: What data does this give us? How can we use this data to answer the questions we’re 
interested in?



Discrete Choice Models

In a choice situation, the respondent is presented with several 
alternatives. Each alternative is comprised of several attributes, and 
each attribute has multiple levels.

Example:

Beach 
Enrichment A

Beach Width

10 meters 20 meters 30 meters

Coastal 
Hardening?

Yes No

Cost

$25 $50 $75 $100

Sand 
Homogeneity

Yes No

Beach 
Enrichment B

No Beach 
Enrichment

Alternatives

Attributes

Levels



How Discrete Choice Modelling Works: 
Background Notation

Let’s say we’ve administered a survey that had a choice experiment in 
it. We surveyed N people. Each person answered M choice 
questions/situations. Each choice situation had J alternatives, and each 
alternative is composed of L attributes 

Lower case letters correspond to the proper upper case category, so for 
instance alternatives are subscripted j and go from 1 to J. There is one 
exception: Individuals. They are subscripted i, with i going from 1 to N 
(because screw you guys)



Discrete Choice Models

Intuition: Assume people gets utility from each alternative. The amount of utility I receive from an alternative is 
a function of it’s attribute levels

Specifics: We use a random utility model (RUM), where the latent, unobserved utility U that individual i
receives from alternative j is composed of a systematic component V and a random component v:

Uij = Vij + vij

Further, the systematic component of utility is a function of the attributes, X:

Vij = βX = β1X1 + β2X2 +… + βLXL

We assume people select the option that maximizes utility. We observe Yim, which is individual i’s choice in 
choice situation m. We have two goals: i) to recover the preference parameters associated with attributes and 
ii) to use these to answer some relevant research question



Discrete Choice Models

Uij = Vij + vij

Vij = βX = β1X1 + β2X2 +… + βLXL

Estimation Procedure: We observe each respondent’s preferred choice, which is the option with the highest U. If the random 
component of utility follows a Gumbell or Type 1 extreme value distribution, the probability of individual i selecting alternative j can 
be stated as a function of the observable attributes X:

Prij = 
𝑒
𝑉𝑖𝑗

σ
𝑘=1
𝐽

𝑒𝑉𝑖𝑘
= 

𝑒
𝛽𝑋𝑖𝑗

σ
𝑘=1
𝐽

𝑒𝛽𝑋𝑖𝑘

We can use this to estimate preference parameters β that maximize the following likelihood function:

L = ς𝑖=1
𝑁∗𝑀∗𝐽

Pr(𝑌𝑖 =1|β, X)𝐼(𝑌𝑖=1)(1 − Pr(𝑌𝑖=1|β, X))1−𝐼(𝑌𝑖=1)

We generally use the log-likelihood function: LogL =  σ𝑖=1
𝑁∗𝑀∗𝐽

𝐼(𝑌𝑖 = 1)∗ Pr(𝑌𝑖 =1|β, X) + 1 − 𝐼 𝑌𝑖 = 1 ∗ (1 − Pr(𝑌𝑖=1|β, X))

The specifics of how this looks varies depending on whether using a conditional logit or multinomial logit



Multinomial Logit vs. Conditional Logit

Two broad types of variables that may influence choice

Decision-maker variables, in this example respondent characteristics

• Age

• Gender

• Income

• Location

Attributes of the choice alternatives, in this example attributes of the beach enrichment program

• Cost

• Beach Width

• Coastal Hardening

The two multinomial discrete choice models we’ll consider (multinomial logit and conditional logit) differ primarily in their ability to 
accommodate these two types of variables. 



Discrete Choice: Multinomial Logit

RUM: Uij = Vij + εij

Pr(Yi = j) =f(Vi1, Vi2, …, ViJ) = 
𝑒Vij

σ
𝑘=1
𝐽

𝑒V
𝑖𝑘

Under the multinomial logit model, the systematic component of utility is 
modelled as a function of K decision-maker characteristics,

Vij = βjXi = βj1Xi1 + βj2Xi2 + … + βjKXiK

This means there is a different coefficient (and thus marginal effect) of 
variable Xik for each choice j.



Discrete Choice: Multinomial Logit

Vij = βjXi

This means there is a different coefficient (and thus marginal effect) of variable Xi
for each choice j.

Some context/intuition:

The model considers how different characteristics of the decision-maker, Xi (which 
have no j subscript because the characteristics don’t vary by choice alternative), 
impact the utility of choosing different alternatives

Mechanically, the model estimates these coefficients for each choice relative to 
one omitted choice, which we call the baseline choice



Discrete Choice: Multinomial Logit

Vij = βjXi

This means there is a different coefficient (and thus marginal effect) of variable Xi for each 
choice j.

So, generally:

• If there are K variables of interest (X1, X2, …, XK, which includes a constant), there are J 
alternatives, and alternative 1 is the baseline, the model estimates K*(J – 1) coefficients

• Coefficient βjk represents the marginal effect of a change in Xk on the systematic 
component of utility for alternative j relative to alternative 1. If increasing Xk increases 
the utility of choosing option j more than it increases the utility of choosing option 1, the 
coefficient is positive. If increasing Xk increases the utility of choosing option j less than it 
increases the utility of choosing option 1, the coefficient is negative.

• All coefficients for the base outcome = 0



Discrete Choice: Multinomial Logit

Specific Example:

Imagine there are four ways to get to work, 
bike, car, walking, and public transport

Suppose our variables of interest are age, 
distance from home to job, sex, and income.

Multinomial logit (MNL) estimates the 
marginal effect of these demographic 
variables on the utility of choosing each 
transportation method, relative to a 
baseline method (let’s go with car)^

Let’s predict what we would expect to see 
for the signs of each variable

Alternatives
Variables

Age Distance Female Income

Car (Base)

Bike

Walk

Public

^: Note that this marginal effect is not particularly useful from an economic perspective, since utility is latent



Multinomial Logit: 
What does the data look like?

ID Choice Female Income Age Distance

1 2 1 12.2 20 1

2 4 0 35 45 3

3 1 0 78.3 57 10

4 3 1 55.5 31 2

5 4 0 23.1 68 14

6 1 1 100 52 23

7 1 0 66.3 29 3

8 1 0 34.9 40 12

9 4 0 49.1 37 5

10 3 1 15 18 3

11 3 1 22 23 1



Discrete Choice: Multinomial Logit

Marginal Effects:

Coefficients don’t have a meaningful economic interpretation

The coefficient actually tells us the marginal effect of a change in X on latent 
utility, U

Like with binary choice models Logit/Probit, the marginal effect we’re 

interested in is 
∂Pr(Yi = j)

∂Xk



Discrete Choice: Multinomial Logit

Marginal Effects: Multinomial Logit

Pr(y=j) = F(Xβ) == 
𝑒βjXi

σ𝑚=1
𝐽

𝑒βmXi
= 
𝐴(𝑋)

𝐵(𝑋)

∂Pr/∂x1j = 
𝐴′ 𝑋 𝐵 𝑋 −𝐴 𝑋 𝐵′(𝑋)

𝐵(𝑋)2
=

β1𝑒
βjX σ𝑚=1

𝐽
𝑒βmX − ( σ𝑚=1

𝐽 β1m𝑒
βmX)𝑒βjX

σ𝑚=1
𝐽

𝑒βmX
2

= 
𝑒βjX

σ𝑚=1
𝐽

𝑒βmX
*

β1 σ𝑚=1
𝐽

𝑒βmX − ( σ𝑚=1
𝐽 β1m𝑒

βmX)

σ𝑚=1
𝐽

𝑒βmX
= 

𝑒βjX

σ𝑚=1
𝐽

𝑒βmX
*[

β1 σ𝑚=1
𝐽

𝑒βmX

σ𝑚=1
𝐽

𝑒βmX
-

σ𝑚=1
𝐽 β1m𝑒

βmX

σ𝑚=1
𝐽

𝑒βmX
]

= Pr(y=j)*(β1j – σ𝑘≠𝑗
𝐽

Pr(y=k) ∗ β1k)

**: These are marginal effects of continuous explanatory variables. For binary explanatory variables, use the following:
ME = Pr(y=j|Xk=1) – Pr(y=j|Xk=0)



Multinomial Logit vs. Conditional Logit

Each observation in MNL is one choice

Data can be cross-sectional (one choice per person) or panel (multiple choices per person)

All variables must have between-decision-maker heterogeneity, and so must be decision-maker attributes

This modeling method cannot accommodate within-decision-maker heterogeneity

• Attributes of different alternatives are an example of this
• Attributes of transportation method: travel time, convenience, effort needed, cost, etc.
• In beach enrichment: Beach width, cost, hardening…

• The general effect of these differences will be captured in the alternative-specific constants (ASCs) in MNL, 
but specific attribute effects cannot be determined

For this, we need the conditional logit model



Discrete Choice: Conditional Logit

RUM: Uij = Vij + εij

Pr(Yi = j) =f(Vi1, Vi2, …, ViJ) = 
𝑒Vij

σ
𝑘=1
𝐽

𝑒V
𝑖𝑘

Under the multinomial logit model, the systematic component of utility is modelled as a function of K decision-
maker characteristics,

Vij = βjXi = βj1Xi1 + βj2Xi2 + … + βjKXiK

Under the conditional logit model, the systematic component of utility is modelled as a function of L 
alternative characteristics,

Vij = βXj = β1Xj1 + β2Xj2 + … + βLXjL

This means there is a single coefficient (and thus marginal effect) of variable Xjl for all j choices



Discrete Choice: Conditional Logit

RUM: Uij = Vij + εij

Pr(Yi = j) =f(Vi1, Vi2, …, ViJ) = 
𝑒Vij

σ𝑚=1
𝐽

𝑒V
𝑖𝑚

How is this different?

Consider the utility associated with two different alternatives, w and z, for individual i:

Viw and Viz

In a MNL, these have the same explanatory variable values but different coefficients

• Explanatory variables don’t vary within decision-maker (age, income, etc), and so are the same for each Viw and Viz

• MNL estimates a different coefficient associated with age, for instance, for each alternative, so βage w ≠ βage z

In a conditional logit, these have the same coefficients but different explanatory variables

• Explanatory variables vary within decision-maker (travel time, cost, etc), and so are different for each Viw and Viz

• There is only one coefficient associated with cost, for instance, so βcost w = βcost z = βcost



Discrete Choice: Conditional Logit

Some context/intuition:

The model considers how different characteristics of the choice, Xj (which have a j 
subscript because they vary by choice alternative), impact the utility of choosing 
different alternatives

The assumption is that, all else equal, changing an attribute will have the same 
marginal impact on utility for any alternative

• Increasing the cost of one beach enrichment policy has the same marginal 
disutility as increasing the cost of a different beach enrichment policy

Unlike in MNL, there is no base outcome in conditional logit



Discrete Choice: Conditional Logit

Specific Example:

Imagine there are four ways to get to 
work, bike, car, walking, and public 
transport

Suppose our variables of interest are 
cost, travel time, and convenience.

Conditional logit estimates the marginal 
effect of these attribute variables on the 
utility of choosing any transportation 
method^

Let’s predict what we would expect to 
see for the signs of each variable

Alternatives
Variables

Cost Travel Time Convenience

Car

Bike

Walk

Public

^: Note that this marginal effect is not particularly useful from an economic perspective, since utility is latent



Discrete Choice: Conditional Logit

Marginal Effects:

Coefficients don’t have a meaningful economic interpretation

The marginal effect we’re interested in is 
∂Pr(Yi = j)

∂Xj



Discrete Choice: Conditional Logit

Marginal Effects: Conditional Logit

Pr(y=j) = F(Xβ) == 
𝑒βXj

σ𝑚=1
𝐽

𝑒βXm
= 
𝐴(𝑋)

𝐵(𝑋)

∂Pr/∂x1 = 
𝐴′ 𝑋 𝐵 𝑋 −𝐴 𝑋 𝐵′(𝑋)

𝐵(𝑋)2
= 

β1𝑒
βXj σ𝑚=1

𝐽
𝑒βXm − ( σ𝑚=1

𝐽 β1𝑒
βXm)𝑒βXj

σ𝑚=1
𝐽

𝑒βXm
2

= β1* 
𝑒βXj

σ𝑚=1
𝐽

𝑒βXm

*
σ𝑚≠𝑗
𝐽

𝑒βXm

σ𝑚=1
𝐽

𝑒βXm

=  β1*Pr(y=j) )*(1 – Pr(y=j))

**: These are marginal effects of continuous explanatory variables. For binary explanatory variables, use the following:
ME = Pr(y=j|X1=1) – Pr(y=j|X1=0)



Conditional Logit: 
What does the data look like?

ID Choice Female Income Age Distance

1 2 1 12.2 20 1

ID Alternative Chosen Female Income Age Distance Cost Convenience

1 1 0 1 12.2 20 1 200 99

1 2 1 1 12.2 20 1 0 45

1 3 0 1 12.2 20 1 20 32

1 4 0 1 12.2 20 1 45 75

MNL data, in what is called the “wide format,” 
must be transformed…

Into the “long format,” for which an observation is an alternative rather than a choice



Conditional Logit: 
What does the data look like?

ID Alternative Chosen Female Income Age Distance Cost Convenience

1 1 0 1 12.2 20 1 200 99

1 2 1 1 12.2 20 1 0 45

1 3 0 1 12.2 20 1 20 32

1 4 0 1 12.2 20 1 45 75

2 1 0 0 35 45 3 210 88

2 2 0 0 35 45 3 0 20

2 3 0 0 35 45 3 25 78

2 4 1 0 35 45 3 49 86

3 1 1 0 78.3 57 10 423 75

3 2 0 0 78.3 57 10 1 2

3 3 0 0 78.3 57 10 45 10

3 4 0 0 78.3 57 10 70 23



Discrete Choice: Conditional Logit

What if we think both decision-maker and attribute variables are important? Which 
model do we use?

Just as MNL cannot accommodate attribute variables, conditional logit cannot 
accommodate decision-maker variables

• Between-choice variation is needed to estimate coefficient for a variable in 
conditional logit

However, decision-maker variables can be integrated into conditional logit models 
by interacting them with alternative-specific constants (ASCs)

If we include only interactions with ASCs and demographics in a conditional logit, 
our results will be identical to a MNL



Economically Relevant Outputs from 
Conditional Logit Models

1. Marginal effects

• Already covered

2. Marginal willingness-to-pay for changes in an attribute

3. Total willingness-to-pay for a specific program



Economically Relevant Outputs from 
Conditional Logit Models

2. Marginal willingness-to-pay for changes in an attribute

Our coefficients tell us how marginal changes in program attributes change utility

Consider a beach enrichment policy with beach width Xb and cost Xc Assume that this policy yields utility U*

How much would people be willing to pay for a 1-unit increase in beach width?

Intuitively, we need to find some value MWTP that perfectly counteracts the utility change from increasing beach width, and so 
returns the policy to utility level U*. 

Algebraically, V(Xb+1, Xc+MWTP) = V(Xb, Xc) = U*

βb(Xb+1) + βc(Xc+MWTP) = βb(Xb) + βc(Xc) → βb + βcMWTP = 0

So, MWTP = 
−βb

βc



Economically Relevant Outputs from 
Conditional Logit Models

3. Total willingness-to-pay for a specific program

Consider a program where attribute levels are measured as deviations from the status-quo of no program. As such attribute levels for 
the status-quo alternative are all zero except for any ASC

Assume the beach width attribute is measured in meters, beach hardening is a dummy =1 if it exists, sand heterogeneity is a dummy 
=1 if it exists, and cost is measured in dollars. Also assume we include an ASC for the status-quo alternative in the model

What is the maximum WTP for an individual regarding a program that increases beach width by 10 meters and has both beach 
hardening and sand heterogeneity?

Intuition: Set the utility of this program (without specifying the cost) equal to the utility of the status-quo alternative, then solve for 
cost. 

• This is the highest cost for which the program will be at least as good as no program

• As the coefficient for cost should be negative, increasing cost further will decrease program utility and make the status-quo 
preferred



Economically Relevant Outputs from 
Conditional Logit Models

3. Total willingness-to-pay for a specific program

What is the maximum WTP for an individual regarding a program that 
increases beach width by 10 meters and has both beach hardening and sand 
heterogeneity?

Utility of program: βcost*WTP + βwidth*10 + βhardening*1 + βhet*1 + βSQ*0 
Utility of status-quo: βcost*0 + βwidth*0 + βhardening*0 + βhet*0 + βSQ*1

Rearranging, you get WTP = 
βSQ−(βwidth∗10 + βhardening + βhet)

βcost



Inference regarding nonlinear combinations 
of coefficients

Running a model yields a set of coefficient estimates and corresponding standard errors

Standard errors are needed to apply statistical inference to coefficient estimates.

Standard errors are still valid when statistical inference is applied to linear combinations of coefficients, but are 
no longer valid when testing hypotheses about nonlinear combinations of coefficients

• A point estimate for WTP or marginal effect is not useful if one cannot establish statistical significance

An additional step: In addition to generating a point estimate for the nonlinear combination of coefficients, you 
need to derive a new estimate for the standard error. There are multiple methods of doing this

• The Delta Method

• Bootstrapping

• Krinsky-Robb Procedure

• Complete Combinatorial Method



Designing a Choice Experiment

Based on research questions you wish to address, you must make a series of 
decisions

1. What are the relevant attributes?

2. What levels should these attributes take?

3. Do I include an opt-out or status-quo option, and if so how is it coded?

4. How many alternatives should be included in each choice?

5. How many choices should each subject complete?

6. How do I mitigate/eliminate hypothetical bias?

These choices should not be made randomly or arbitrarily. They matter, and so 
should be considered carefully



Designing a Choice Experiment

Several of these questions can be addressed using optimal choice design 
routines available in statistical software

Programs like this are available in SAS and Stata, for instance

• For a given set of attributes and # of levels for each attribute, they can give 
you an idea of how many alternatives need to be presented to generate an 
efficient design

• They can combine alternatives into an efficient set of choice situations.

• If the required number of choice situations exceeds the number you want 
each respondent to complete, they can efficiently separate choices into 
blocks



Designing a Choice Experiment

Things to watch out for: Collinearity

When including ASCs (generally a good idea in most contexts), thinking 
about the values taken by the status-quo option is paramount

Failure to do this can lead to data that is essentially useless



Shitty Example: PES Program 



Shitty Design, Shitty Data

id Alternative width25 width75 SQ

1 1 1 0 0

1 2 0 1 0

1 3 0 0 1

2 1 0 1 0

2 2 1 0 0

2 3 0 0 1

3 1 0 1 0

3 2 1 0 0

3 3 0 0 1

4 1 1 0 0

4 2 0 1 0

4 3 0 0 1



Shitty Example: Protection of Coral Reef

Program A Program B Program C

Water Quality Very Good Very Bad Okay

I do not want any of 
these programs

⃝

Different Species 
per acre

30 40 20

Number of Lionfish
per acre

5-15 > 15 ➢ 15

Cost $150 $100 $50

I prefer this program ⃝ ⃝ ⃝



Hypothetical Bias Mitigation Techniques

Ex Ante

• Cheap Talk

• Honesty Priming

• Oath Scripts/Pledges

• Consequentiality

Ex Post

• Certainty Scales

• Econometric Fixes

• Consequentiality follow-up questions

• Protest votes



Heterogeneous Preference Models

• Interactions of attributes with observables

• Mixed Logit

• Latent Class Analysis

• More Complicated versions (scaled multinomial logit; generalized 
mixed logit, etc.)

http://econ.appstate.edu/RePEc/pdf/wp1622.pdf

http://econ.appstate.edu/RePEc/pdf/wp1622.pdf


Empirical Models

RUM

Uni = Vni + εni

Vni = βXni

Conditional Logit 

Prn(i) = 
𝑒βXni

σ𝑖=1
𝐼 𝑒βXni

Latent Class Logit

Prn(i|s) = 
𝑒β𝑠Xni

σ𝑖=1
𝐼 𝑒β𝑠Xni

, Prn(s) = 
𝑒α𝑠Zn

σ𝑠=1
𝑆 𝑒α𝑠Zn

Individuals n = 1…N
Choices i = 1…I
Classes s = 1…S



Empirical Models

RUM

Uni = Vni + εni

Vni = βXni

Conditional Logit 

Prn(i) = 
𝑒βXni

σ𝑖=1
𝐼 𝑒βXni

Random Parameters Logit

Prn(i|Ω) = 𝛽 Prn(i)𝑓(𝛽|Ω)𝑑𝛽

Individuals n = 1…N
Choices i = 1…I
Classes s = 1…S



Estimated Coefficients in a Heterogeneous 
World: Assuming Homogeneity

β

F(β)

β*



Estimated Coefficients in a Heterogeneous World: 
Assuming Normally Distributed Heterogeneity

β

F(β)

β* β^



Estimated Coefficients in a Heterogeneous 
World: Assuming Discrete Heterogeneity

β

F(β)

β* β^β1*                             β2*                     β3* 

Class 1                        Class 2                         Class 3



Understanding Scale Differences

True RUM Model

Typically, assume 
σ=1, implying error 
variance (scale) is 
equal for all 
observations.

However, sometimes this 
assumption is a bad one

Conditional logits (and 
more flexible models) 
can also generally allow 
for heterogeneous scale 
parameters


