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Abstract

The objective of this research is to develop new ways to estimate discrete choice models
using Bayesian methods. Markov Chain Monte Carlo methods (more specifically, Gibbs
samplers) are powerful ways to estimate many model parameters. This research focuses

on discrete choice models and ways to estimate the elements of the error covariances.

Previous work using Gibbs samplers include variable selection procedures that
optimally select and estimate subsets of variables in linear models. The same problem is
considered here, but instead we focus on selecting elements of various covariance
matrices to identify non-zero elements. This restricts the estimation to a more

parsimonious structure, which should lead to a more accurate model form.

Discrete choice models can be estimated from real market and/or stated intentions data.
Real market data typically are not well structured or behaved, which poses analytical
challenges that require more sophisticated methods. In contrast, experimental data are
better structured and behaved, which should benefit from application of more complex
choice modeling techniques. Monte Carlo simulations are used to investigate situations
in which true error structures violate the IID assumption of simple Multinomial Logit
(MNL) models, but MNL performs as well as more complex Multinomial Probit

models.



Finally, a Bayesian approach is developed and applied to combin¢ consideration and
choice information in choice experiments. The method accounts for preference
heterogeneity and uses element selection procedures to simplify the error covariance
matrix structure. The proposed procedure takes advantage of the additional preference
information and c¢an account for non-systematic missing data; it also can be applied to

ranking data.
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Chapter 1 Introduction

Chapter 1

Introduction

Marketing strategists and/or researchers focus on consumers at micro and macro levels,
depending on their strategic and/or rescarch objectives. For example, consumer
preference trade-offs might be investigated at a population level in the case of new
mass-market product introductions; but other applications (e.g., e-tailers of books and
CD’s) may require individual level estimates to customize offerings. Both preceding
cases potentially can be addressed by designing and implementing a conjoint analysis or
choice experiment that permits one to quantify the trade-offs. Additionally, these
techniques are used to evaluate and predict changes in market shares, competitive
analyses and/or assessing pricing strategy, to name just a few other applications.
Aggregate (macro) or individual (micro) levels of analysis primarily impact the
estimation procedure. Indeed, some modeling approaches are better suited to uncover
individual level parameters and obtain more precise insights into market structure, while
others offer speed and simplicity of estimation when less detail suffices to address

research objectives,

Thanks to its versatility, conjoint analysis (CA) has become a popular technique in
marketing. CA relies on statistical design theory to systematically mantpulate attribute

levels to generate product profiles that are presented to respondents. CA’s objective is to
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allow one to estimate the impact of each atiribute independently of all others; hence, in
typical applications, the attribute columns of the statistical designs used are orthogonal.
Traditionally, CA respondents have been asked to rate or rank scenarios that arc created
by the designs, however, choice experiments have attracted growing interest and
applications since they were introduced by Louviere and Woodworth (1983). Choice
experiments are attractive because they can simulate real life choice situations more
closely and provide more realistic and flexible prediction options than traditional CA.
For these reasons, the present research focuses on designed choice experiments.
Although the level of aggregation of the analysis can be changed, other differences may
be introduced when constructing experiments. For example, researchers can choose
whether to design attribute columns to be orthogonal a) only within-alternatives or b}
within- and between-alternatives. Option (&) should allow estimation of only generic
utility specification parameters, but option (b) should allow one to estimate alternative-

specific utility specifications as well as choice model forms that assume non-IID errors.

The focus of this research is on choice models and is restricted to the consideration of
Random Utility Models (RUM), such as Multinomial Logit (MNL) or Multinomial
Probit (MNP). MNL models are widely used in marketing to analyse choice data mainly
because a) estimation software is widely available, b) estimation of MNL models
(typically using Maximum Likelihood procedures} is quick and easy and c) the
estimated models permit fairly straightforward predictions of choice probabilities
because a closed form expression exists. However, MNL is restrictive in that errors are
independently and identically distributed (IID), which in the case of the Gumbel

distribution implies the IIA (independence of irrelevant alternatives) property. The latter
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means that the odds (probability ratio) of choosing two alternaiives is independent of
choice set composition. Research has shown that this may be too restrictive an
assumption in some marketing applications (e.g., Bucklin and Lattin 1991; Chintagunta

1993; Dellaert, Borgers and Timmermans 1996).

MNP models do not satisfy the 1IA axiom, hence are more gencral and behaviourally
appealing; unfortunately, however, MNP does not have a closed form expression for the
choice probabilities. Thus, estimation of MNP models (typically via Maximum
Likelihood procedures) is more complex than for simpler models like MNL because
they require evaluation of multi-dimensional integrals, and for more than four choice
alternatives, numerical evaluation of this integral often is very demanding. Probability
simulators such as the GHK (after Geweke, Hajivassiliou, Keane) have been developed

to overcome this problem.

Another approach lies in Bayesian methods, with the use of Markov Chain Monte Carlo
sampling schemes. The latter have the advantage of not requiring the simulation of
choice probabilities, and hence are used in this thesis to estimate MNP models. A
problem with MNP models is that the number of elements of the error covariance matrix
increases quadratically with the number of choice alternatives, which can lead to loss of
statistical power in estimating large covariance matrices, especially given conventional

sample sizes used in choice experiments (e.g., 400 subjects X 16 choice sets).

A simple solution to this problem would be to collect additional preference information.

That is, most choice tasks only ask respondents to select their most preferred option, but
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research demonstrates that additional stated preference questions can add statistical
information, even if marginally (e.g. Chapman and Staelin 1982; Hajivassiliou and
Ruud 1994). This can be especially beneficial if respondents choose a constant
alternative such as "none" or "current brand” as their preferred option with high
frequency, because these choices provide no information about preference trade-offs per
se. Thus, if one adds questions like "which of these options would you seriously
consider?," one can obtain extra information about trade-offs that results in more

accurate estimates.

Thus, following the discussion, this research first exploits the benefits of Bayesian
methodology, and more specifically, selection procedures to estimate MNP models that
select an optimal, and ideally more parsimonious, covariance structure. Bayesian
selection procedures can be viewed as a Bayesian version of frequentists’ stepwise
selection methods. Bayesian selection procedures are data driven, so choice of a
parsimonious structure does not require researchers to make unnecessary assumptions
that might affect model results. This line of research is interesting because it leads to
models that allow very general error covariance structures that may nevertheless

converge to very simple ones comparable to the like of MNL models.

This is not to say that more general models are necessarily better than the simple ones
like MNL, especially in the case of experimental data that are designed to yield the best
estimates possible. Indeed, it may well be the case that, depending on one’s research
objectives, MNP models may not outperform MNL for some types of choice

experiments. Thus, a second cbjective is to investigate whether MNL models may not
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be sufficient with high-quality data and whether certain types of designed experiments
can yield sufficiently rich information to estimate the full error structure assumed by
MNP. Specifically, the conditions under which MNP meodels perform well are not yet
well-understood; hence it is important to investigate which design strategies work best

in conjunction with certain model types.

Finally, individuals’ preferences and tradeoffs may differ; hence a distribution of
heterogeneity can be assumed/imposed to reflect and account for this uncertainty and
obtain more precise representations of market structure. In fact, one can estimate
individual-level coefficients, but as numbers of attributes increase, models that impose
this type of structure require increasingly larger covariance matrices. Hence, the present
research uses Bayesian selection procedures to find more parsimonious representations
of covariance matrices. This t{echnique is appealing because Bayesian methods permit
one to estimate models that can decide on a general or a basic covariance structure
depending on the data. Moreover if two (or more) structures are likely, estimates are
obtained using a weighted average of the two (or more) medels. Model averaging
concepts can be used in many applications; this study focuses on MNP models because
of their growing popularity in marketing research. Moreover using additional preference
information (e.g., “‘consideration” responses) is proposed to estimate MNP models that
take preference heterogeneity into account in order to obtain better estimates of model

parameters.

The next chapter reviews conjoint analysis and discrete choice models. Chapter 3

develops a new Markov Chain Monte Carlo (MCMC) sampling scheme for MNP
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models that can be used to select relevant elements of the covariance matrix; that is, the
procedure allows the identification of non-zero elements to obtain a more parsimonious
structure. Chapter 4 considers the choice of using a MNL or MNP model to analyse
experimental data. Experimental data are designed to have better statistical properties
than real market data; hence, one may ask whether one needs to use more complex
models (such as the one presented in Chapter 3) with such data. The research presented
in Chapter 4 attempts to answer this question, and investigates whether more complex
experimental designs are useful in conjunction with MNP models. Chapter 5 proposes
an individual parameter model, which applies the selection procedure of Chapter 3 to
the elements of the covariance matrix of the errors as well as to the covariance matrix of
the individual parameters. Thus, it accommodates a parsimonious covariance structure
on the individual preferences as well as a parsimonious representation of the covariance
structure of the utilities. In addition, the model allows one to combine choice and more
in-depth preference response data such as considerations or ranks, and efficiently
accounts for missing information at random (Little and Rubin 1987). This manuscript

ends with a discussion and conclusions in Chapter 6.



Chapter 2

Methodological Background

2.1 Conjoint choice experiments and Choice models

Conjoint measurement was first proposed by Luce and Tukey (1964) and introduced to
marketing by Green and Rao (1971). Extensions of this approach have grown rapidly in
popularity in past decades and are now widely used in academic and commercial
applications. Conjoint analysis is useful to identify new product concepts, pricing
strategies, market segments, analyse competitors and reposition products (see Cattin &
Wittink 1989; Green and Srinivasan 1990). Recently, commercial software has become
available to design and implement conjoint studies (e.g., ACA developed by Richard

Johnson of Sawtooth Software), making the technique accessible to a wider audience.

Many marketing researchers use conjoint analysis to identify product characteristics that
influence consumers' decisions to purchase certain brands. Trying to uncover the
important factors impacting customers’ preferences and attribute trade-offs is useful
becaunse it allows managers to act on those factors to introduce products and services
that meet consumer needs appropriately. For example, a producer of cleaning products
may want to know if customers prefer concentrated or diluted liguids, small or large

bottles and unique or multi-purpose products. Conjoint analysis (hereafter, CA) results
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may reveal that consumers prefer a multi-purpose product in concentrated form packed
in a small bottle, which allows managers to identify, evaluate and market superior
product specifications, increasing likelihoods of success (see Louviere et al. 1990 for a
new product application). Traditional CA involves the decomposition of products or
services into more eiemental aspects called “attributes”, each of which are described by
a discrete number of levels. CA researchers systematically manipulate the attribute
levels to create attribute level combinations, and each combination describes a product
or service (also termed “‘treatment combinations” or “product profiles™). The resulting
combinations are evaluated by consumers (typically, consumers rate or rank the
profiles), and their numerical responses allow analysts to quantify the attribute trade-
offs {in choice experiments consumers choose their most preferred option). Thus, CA
models are “decompositional” in the sense that respondents provide a holistic evaluation
or score for each profile, and the analysis of these evaluations reveals the values that
individuals associate with each attribute level. Support for the decomposition of
preferences can be drawn from Lancaster's view (1966) that preferences for products

can be decomposed into separate preferences for each of its characteristics.

Many disciplines (e.g., transport, economics, management, etc) also use CA, whichis a
“stated preference” (SP) approach. CA’s popularity stems from its advantages relative
to observations about consumer choices in real markets, referred to as “revealed
preference” (RP) data. The term "revealed preference” refers to preference revelations
associated with real market behaviour, while "stated preference” refers to preference
revelations associated with stated intentions in hypothetical contexts. As noted by Ben-

Akiva, Morikawa and Shiroishi (1991), the advantages of SP over RP are the avoidance
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of multi-collinearity problems, the possibility of extending the range of attribute levels
relative to existing characteristics and the feasibility of testing prototypes or changes to
existing products. Other advantages underlined by Hensher, Louviere and Swait (1999)
are potential gains in data collection time and expenses, measurement of preferences
along dimensions where RP data do not exhibit sufficient varzation and possible
reductions in bias associated with the failure of RP data to satisfy model assumptions.
Lerman and Louviere (1978) demonstrated that there was an empirical link between RP
and SP data and models. That is, because SP data are based on consumer’s stated
intentions, this naturally gives rise to issue of external validity; fortunately, however, a
large number of studies have found that SP data mimic choices in real situations (e.g.,
Ben-Akiva & Morikawa 1990, Hensher & Bradley 1993, Louviere 1993 and
Brownstone & Train 1999). Although preferences revealed by SP data were identical to
RP data preference revelations in these studies, location and scale calibration were
needed. Therefore, many researchers now combine SP and RP data to obtain more
accurate estimates of preferences (see Hensher, Louviere & Swait 1999 for more

details).

The principal steps in the conduct of CA projects are the following: 1) Define the
attributes relevant to describe each option, and their levels (and the competing
alternatives in the case of choice experiments). 2} Select the method of elicitation: rating
or ranking of alternatives or choice of preferred options. 3) Construct an experimental
design in accordance with the two previous points. 4) Decide on the means of

administration for the experiment. 5) After collecting the responses, analyse the data
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with an appropriate model (e.g., analysis of variance, OLS, multinomial logit or probit).

The remainder of this chapter discusses each step in more details.

2.1.1 Hdentification of attributes and levels

The identification of attributes to incorporate in the experiment is an important step
because failure to do it carefully can lead to unrealistic and/or incomplete (lack of
information) choice situations, Researchers should ensure that all the attributes relevant
to decision-making are included in the study without incorporating too many that are
unnecessary, since the objective is also to keep the size of surveys manageable. It is
worth noting that some attributes not of interest can be omitted from the experiment as
long as respondents are informed that all omitted characteristics are identical across
products (Yeoh, Uldry, Louviere and Burke 1998). Nevertheless, the story has to be
believable enough to ensure that respondents do not make inferences about missing
attributes. The selection of levels for cach of these identified attributes is also vital to a
well-designed experiment. There should be adequate variations in the levels to detect
possible effects but the range of values should remain reahistic (or at least in accord with
the story line). Levels currently faced by consumers should preferably be part of this
range to construct believable choice situations. The problem under investigation may
dictate the selection of levels; for example, in the case of a new product introduction,
the characteristics of prototypes and existing competing products may be included in the
experiment. Nevertheless, one should keep in mind that the number of levels partly
determines the size of the experiment; and if non-linearity is suspected a minimum of

three levels are required. In the case of qualitative attributes, it is important to use clear

10
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wording and provide definitions to avoid confusion if necessary. Exploratory research is
typically used to complete the attribute and level selection stage; methods of atfribute
and level identification are discussed by Green and Srinivasan (1978, 1990) and

Louviere (1988).

2.1.2 Elicitation procedures

Many elicitation procedures have been used in the past: ratings (e.g., Louviere 1979;
Louviere and Meyer 1981), rankings (c.g., Green and Wind 1973; Ben-Akiva,
Morikawa and Shiroishi 1991), choice of most preferred option (e.g., Louviere and
Woodworth 1983; Hensher and Bradley 1993), and choice of considered alternatives
(e.2., Swait and Louviere 1993; Louviere, Fox and Moore 1993), to cite a few. Although
ratings and rankings have dominated both academic and commercial applications, more

recently diserete or qualitative responses have been applied.

It should be noted that measurement levels differ substantially between elicitation
procedures. Category ratings scales are at one extreme in that they are assumed to
satisfy at least interval measurement properties for researchers to analyse responses
(ratings) with Iincar models; that is the difference between a 4 and a S rating score
means the same as the difference between an 8 and a 9. To avoid making this
assumption, one may analyse responses as ordinal measures (rather than cardinal), using
ordered logit or probit models. However, the use of ratings scales for aggregate analysis
further assumes that different individuals interpret rating scales in the same ways, such

that a rating of 4 by Zoe means the same as a rating of 4 by Maria. Thus, an aggregate

11
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analysis may not satisfy the assumption implied by ratings scales, even if ordered logit
and probit are used. Finally, there are questions as to whether individuals can report
degrees of preferences accurately, as this is a strong assumption about human cognitive
ability. The latter consideration raises questions about the reliability of ratings scales,

especially since consumers do not appear to rate products and services in real situations.

Some researchers report that consumers find ranking tasks easier than rating tasks (e.g..
Green and Srinivasan 1978). Rankings have the advantage of only assuming ordinal
measurement; that is, individuals are able to state which options are preferred to the
others but not by how much. Hence, use of rankings allows weaker measurement level
assumptions but still offers some depth of information on preferences. However, the
reliability of rankings has been questioned by several scholars, such as Ben-Akiva,
Morikawa and Shiroishi (1991), who found that responses from different ranking depth
were not equally reliable. Beggs, Cardell and Hausman (1981) and Chapman and
Staelin (1982) proposed a utility model to analyse ranking data. For example, three soft
drinks may be ranked as follows by a respondent: Fanta > (preferred to) Coke
Sprite. The method of exploded ranks transforms this ranking into two choice sets: (1)
Fanta » Coke and Sprite, and (2) Coke > Sprite; so that from (1) we understand that
Fanta is the most preferred drink and from (2} that Coke is preferred to Sprite. However,
Chapman and Staelin (1982) found that an explosion depth of 2, which is equivalent to
asking respondents to state their most preferred and second best options, appeared
relatively safe but an explosion depth of 3 was guestionable in their data set. This result

appears to support Ben-Akiva ct al.’s (1991) findings.

12
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At the other extreme of measurement level lie discrete or qualitative responses such as
the most preferred option and considered options. This form of elicitation procedure
requires minimal assumptions about respondents’ cognitive abilities to report their
preferences; moreover, consumers perform this task each timne they purchase a product
or service and should therefore be familiar with it. Thus, an advantage of choice
responses is the ease with which they can be used to forecast market shares and simulate
choices, which unlike traditional CA do not require ad hoc transformations of model

predictions into choices (e.g., with ratings tasks).

In “consideration” tasks respondents select all the options they would seriously consider
from a finite set presented. Such response data may be very beneficial when used in
conjunction with a "most preferred” choice task because it adds depth of information
without straining respondents' cognitive burden. To refer to the soft drink example,
suppose that instead of three options there are five soft drinks in the choice set (Fanta,
Coke, Sprite, Dr. Pepper and 7-Up), and respondents are asked to indicate both

considered and "most preferred” options. If responses are that Fanta, Coke and Dr,
Pepper are considered and Fanta is the most preferred soft drink, the information
provided is that Fanta is preferred to all the others, and Coke and Dr. Pepper are
preferred to Sprite and 7-Up. In this choice set, rank-ordering the five soft drinks would
probably have been more cognitively demanding. At the stage of data cleaning,
consideration data also allow rescarchers to check response validity, that is, if
respondents state that their most preferred option is one that they did not consider, there

would be grounds for doubting that they took the task seriously. An application using

both choice and consideration elicitation procedures is presented in Chapter5.

13
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2.1.3 Experimental design

Statistical design theory is used to manipulate attribute levels and combine them to
construct profiles (ireatment combinations) or even complete choice sets. Factorial
experiments are typically used in marketing, and are constructed fo estimate the effect
of each attribute on the choice response as independently as possible of the other
attributes. In the case of linear regression this objective requires attributes (design
matrix columns) to be orthogonal to each other, Let us continue the earlier soft drink
example: suppose the drinks are described by three attributes, each of which can take on

two values (levels) as shown in Table 2.1,

Table 2.1: Three attributes each with 2 levels describing soft drinks

Attribute  Level0 - Levell
Packaging Can Plastic bottle
Fridge/Shelf Fridge Shelf
Price $1.50 $2.20

A 2% full factorial design can be used to construct all possible profiles with these

attributes and levels, as shown in Table 2.2.

Table 2.2: 2 full factorial design

e i on S e B o B we I -
—_—O O == OO/
= =R e B . N o

00 -1 &N B Wk
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In this 2° design, columns A, B and C are orthogonal to each other. The design is
translated into presentable profiles by taking each row and replacing the 0's and 1's with
unique and meaningful levels. Using the attributes and levels in Table 2.1, the first row

of the 2° design becomes the profile presented in Table 2.3.

Table 2.3: Profile example

Profile 1

Can
Fridge
$1.50

A complete factorial (or full profile) experiment allows one to estimate the attribute
main effects and all their interactions independently (in linear regression models), which
may be useful to discover the most appropriate model specification. However, as the
number of attributes and levels increase, the size of the design may become too large for
administration. One way to reduce the number of profiles is to assume that the impacts
of higher order interactions are negligible, which may be reasonable in many studies.
For example, in most marketing applications, researchers assume that interactions
higher than second order provide negligible gains in goodness-of-fit (Green and
Srinivasan 1990). Using the eight profiles considered above, we can estimate all main
effects and interactions, but fewer profiles are required if one can assume that the 3-way
interaction is negligible. Hence, a sample (called a fraction) of profiles from the
complete factorial is selected fo estimate the effects of interest. If interactions have
minor impacts, an experimental design does not need to systematically manipulate
them; in other words, columns representing interactions can be assumed constant. We

may therefore select a fraction of the complete factorial that does not vary on these

15
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dimensions. For example, the complete 2* factorial may be reduced by using the 3-way
interaction to fractionate the design into two halves of four profiles each; that is, all
profiles with this interaction at level 0 are assigned to the first fraction and the others are
assigned to the second fraction, as described in Table 2.4. Each fraction is called a
fractional factorial design and the 1 in the 2" means that it is a half fraction. The last
column D is equal to the 3-way interaction ABC and is simply the sum of the columns
A, B and C modulo 2 (another way to construct the same matrix would be to start from
a 2°* fractional factorial design and add its foldover). Such a design only permits one to
estimate main effects; hence, not only must one assume that interactions are negligible,

but they also must be in practice or estimates of the main effects will be biased.

Table 2.4: 2% fractional factorial design

B TS
HOHQHOHOO
—_ 0= O =0

It is easily observed that each fraction in Table 2.4 does not allow one to estimate the 3-
way interaction because it is constant. When sacrificing higher-order interactions to gain
degrees of freedom and estimate the effects of interest in fewer choice sets, it is
important to realise that those estimated effects may be confounded with higher-order
interactions. By "confounded" we mean collinear or correlated; in the 2*1 example, the
main effect of A is confounded with the interaction BC, B is confounded with AC and C

is confounded with AB. In the soft drink example, if main effects are confounded with
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two-way interactions, researchers/managers cannot know if an observed effect is due to
"packaging” or the "price" and "fridge/shelf" interaction (an issue only if this interaction

exists).

In the case of choice experiments, at least two profiles are presented in each choice set;
hence, methods have been devised to construct choice sets. A simplistic approach is to
randomly assign profiles to choice sets. Another method is to use the "fold-over” to
construct the second alternative; that is, the second profile is the image of the first one.
In the case of generic (unlabeled) alternatives analysed with MNL models, Bunch,
Louviere and Anderson (1996) found that fold-over designs were optimal. In the general
case of attributes with M levels, these designs are called shifted designs (also referred to
as cyclic designs) in that attributes for additional alternatives are consiructed using
modular arithmetic applied to the levels of the original attribute column. The number of
additional alternatives that may be constructed is a function of the number of attribute
levels; more specifically, A attribute levels allows one to construct choice sets of size
M. It is also common to design all the alternatives together; design which is referred to
as a L™ design where L is the number of levels, J the number of alternatives and M
represents the number of attributes. These designs have the advantage that the attribute
columns are orthogonal within- and between-alternatives, allowing the estimation of
alternative-specific effects and cross-effects (e.g., effect of having Coke at $2.20 on the
probability of choosing Fanta). To efficiently estimate the latter effects, Anderson and
Wiley (1992) proposed designs with as few as 2M-1 choice sets. Figure 2.1 presents an

example of a choice set from a fold-over design.
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Figure 2.1: Choice set example with labeled alternatives

Which drink would you choose? (Tick the appropriate box)

Fanta Coke

Can Bottie

Fridge Shelf

$1.50 $2.20
m] o

It is worth noting that stafistical design theory has been developed primarily for linear
models (scc Atkinson and Donev 1992); however, some approaches have been proposed
for designing paired comparison experiments (e.g., Fl-Helbawy and Bradley 1978;
Street, Bunch and Moore 1999), and for designing multiple choice experiments based
on MNL models with generic coefficients (Bunch, Louviere and Anderson 1996; Huber
and Zwerina 1996). Nevertheless, a lot of research is still needed in the area of
experimental design for discrete choice models, especially for situations in which non-

IID error components are assumed.

A final point to conclude this section is the inclusion of a "None" alternative (no-
purchase option) or an alternative that is constant across all choice sets like "your
current brand". The inclusion of the latter may be appropriate when the objective of the
research is to identify new product characteristics or changes to existing products that
might induce consumers to switch from their current brand to another. Motivations for
including "None" options are increased realism in choice tasks and more accurate
measures of market shares. However, in some situations, such as choice of transport

mode for the daily commute to work, a "None" alternative may not make sense.
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2 1.4 Administration Methods

Two points need to be discussed regarding administration methods: (1) information
support and (2) methods of administration. Most choice experiments are administered
via paper surveys because this 1s accessible to virtually everyone and does not require
respondents to use special facilities. In this case, choice sets typically are described as
shown in Figure 2.1. More recently, new technology allows presentation of choice sets
on computer screens; obviously the feasibility of this approach depends on the sample
population targeted because not all consumers are computer literate. Other experiments
display choice set information in the form of physical products; for example, this may
be especially useful if product shape or colour are attributes of interest. Aundio and video
information also can be used but costs and time constraints may limit such applications.
Administration of surveys can be by mail, email, Internet or personal interviews,
depending on the problem at hand and the type of information that needs to be
displayed. It is worth noting that electronic administration allows one to check response
inconsistencies directly and prompt respondents to reconsider invalid responses, which

should increase data guality.
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2.1.5 Data analysis

The choice of models used for data analysis depends mostly on decisions made in
earlier stages of the research such as the choice of elicitation procedures. Ratings are
typically analysed with linear regression models because many researchers assume that
ratings have interval measurement properties. However, ordered logit or probit can also
be used to analyse and model rating responses if they are treated as ordinal rather than
cardinal, and rankings can be exploded and analysed with MNL models. The discussion
that follows concentrates on MNL and MNP models because the research in this thesis

deals with choice experiments.

The MNL meodel was first used with binary discrete outcomes because it was a simple
way to ensure that a model would predict in the 0 to 1 range. [is main advantage is the
simplicity with which it can be estimated due to having a closed form expression for the
choice probabilities; hence, estimation software for the MNL model is included in many
statistical packages. In marketing, the MNL model is attractive because one can

compuie the probabilities of specific random ufility models.

Random Utility Models, or more generally Random Utility Theory (RUT), was
introduced by Thurstone (1927) for paired comparisons and extended by McFadden

(1973) to multiple comparisons (choices). ITn the RUT framework consumers are

assumed to associate a certain level of utility (U, ) with each altenative in a choice set

and choose the most preferred alternative as if they are rational in the sense that they

choose the alternative that maximises their utility. It is typically assumed that utility can
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be decomposed into linear functions of attributes (x,) that describe alternatives. These
assumptions lead to the following expression:

U,=a,+x, 8, +¢g, (2.1)
where U, is an unobserved indirect utility for individual { and alternative j, j=1,..J,

o, s a vector of alternative-specific constants (ASC's)

x; is a vector of independent variables for individual i and alternative /,

B, is a vector of parameters,

£; 1s an error component.

The indirect utilities U, for individual i and alternative j (j=12,..J} are
unobserved variables because only discrete choices are reported. [, represents

consumer trade-offs among different attributes of a specific product, and captures what

1s known as the systematic component of utility. Finally, an error component &, is

introduced to reflect that analysts do not know consumer preferences with certainty.
This randomness may occur because of unobserved attributes or faste variations,

measurement errors, imperfect information and/or proxy variables.

Although the U, ’s are unobserved, RUT assumes that consumers choose the alternative

they prefer most, as follows:

U, =1if U,>U, forany j#k
U, =0 otherwise.
U,.;. represents the choice indicator.
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McFadden {1973) showed that if error components are ITD Gumbel (extreme value type
I) distributed, that is

f(€)= P oHlem) expl_ e"‘(s"’)l,
where 4 is a positive scale parameter and n is a location parameter, the choice
probabilities are identical to the MNL choice probabilities. Some properties of the

Gumbel distribution are that its mode is 77, its mean is 7 +y /¢ (where y is Euler’s

constant) and its variance is 7°/64” . Thus, the probability of individual i choosing
alternative % is expressed as in equation (2.2) (see Ben-Akiva and Lerman 1985).

eXp;”(aik + x:‘kﬁj)
J
ZEXp,u(aﬁ Xy f)

J=

PU, >U, ¥ jk)= (2.2)
The MNL model is a special case of the Luce model (Luce 1959), in which the utility

function is additive in the atiributes X;-

Because the utilities U, are latent, two identification issues arise: the first is due to the

fact that the addition of a constant to all utilities does not change observed choices. For
example, suppose that three soft drinks are presented in a choice set, Fanta, Coke and
Sprite; suppose that the unobserved utilitics are 20, 16 and 10 for the three drinks
respectively. However, the researcher can only observe that Fanta was chosen, and if 5
points are added to each utility, the resulting utilities are perfectly consistent with the
observed choice. Therefore, only differences in utility can be estimated. Typically, the
utility of one of the options is set as the base and the others become differences from

this base. Hence, one ASC «; is set equal to zero. The second identification issue

comes from the fact that the multiplication of all three utilities by a positive constant
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does not change their ordering, again leaving the observed responses unchanged. Thus,
one model parameter has to be fixed to overcome the identification issues; fixing one
coefficient would solve the problem, but if it has the wrong sign, all other coefficients

also will have wrong signs. So, the variance typically is fixed by setting ¢ =1.

As noted earlier, MNL models are restrictive because they assume independently and
identically distributed (IID) error components; in the case of MNL, this leads to the
Independence of Irrelevant Alternative (IIA) property. The latter implies that the odds
of choosing one option over a second do not depend on any remaining options. For
example, if the odds of choosing Coke relative to Fanta (probability of choosing Coke
divided by the probability of choosing Fanta) equals 0.6 in & three option choice set, but
equals (1.4 if Pepsi is added to the set, the TIA property would be violated. The ITA
assumption has been found to be too restrictive in some applications (Huber, Payne and
Puto 1982; Simonson and Tversky 1992), although Debreu (1960) had previously
proved that Luce models (hence, also MNL models) over-predict the joint probability of
selection of two options that are perceived to be similar rather than independent. Models
that are not affected by the IIA property mclude Nested logit and MNP, The latter has a

very general specification form, which favours its use in our research.

If one assumes that the error components &, in equation (2.1) are distributed as normal

random variates, the resulting model is called multinomial probit (MNP), which was
first proposed by Thurstone (1927). The identification of the MNP model is typically
achieved by setting the first element of its error covariance matrix equal to 1. MNP

models allow one to relax the IID assumption on error components but require the
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evaluation of integrals of dimension (J —1); thus, when J > 4, the probabilities cannot
be evaluated numerically, and one must use simulation methods (e.g., Keane 1992). One
very successful sirmulator is the GHK simulator (afier Geweke, Hajivassilion and
Keane), which Hajivassilou, McFadden and Ruud (1996) found to be quick and reliable.
To avoid the problem of high-dimension integrals implied by Maximum Likelihood
estimation, Bayesian methods also may be used. Bayesian methods are used in the

remainder of this thesis and introduced in the next section.
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2.2 Bayesian Estimation Methods

This section introduces Bayesian estimation methods. A generic discussion of Bayesian
analysis is not easy because the steps that one undertakes are contingent on the problem
at hand. However, what can be said is that the objective of much Bayesian analysis 1s io
obtain posterior distributions of the parameters of interest. So, I introduce the concept
by means of an example that shows how to obtain analytically the relevant posterior
distributions in a regression analysis. Section 2.3.2 discusses and demonstrates the use
of the Gibbs sampler in Bayesian analysis and the reason why this sampler revived

Bayesian methods.

Prior and posterior distributions, as well as marginal and joint distributions are used

extensively in Bayesian methods. A quick explanation is therefore in order.

Table 2.5 presents an example of the marginal and joint distributions of two binary

variables x and y.

Table 2.5: Marginal and joint probabilities of x and y (example)

Marginal
x=0 x=1 probability of y
y=0 Prooyo =03 Py, =04 Py =07
y=1 Pegym = 0.1 Proctyar = 0.2 Py = 0.3
Marginal _ _
probability of x | 0" 04 Py =06 1
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In table 2.5 the joint probabilities of x and y are denoted by p,, and the marginal
probabilities by p, and p, respectively. The marginal distnbution p_ is simply the
sum of the joint probabilities over all values of y for cach value of x; thus,
Preo = Prnoyeo T Py - Similar calculations are done for the marginal distnbution of

v. In this example the vanables of interest are discrete (0 or 1). With continuous

variables the computations are similar but the summation over all values of a continuous

variable requires an integral to be evaluated. Therefore, if x and y are continuous, the
marginal distribution is computed by cvaluating p, = '[pwa’y over the domain of

definition of y.

As noted earlier, Bayesian analysis is concerned with the marginal posterior
distributions of some parameters of interest. As its name suggests, the prior distribution
of a variable corresponds to a priori knowledge about the variable in question. For
example, in marketing a price coefficient can be assumed to be negative a priori, and
this knowledge can be used and accounted for in the analysis of the data. The posterior
mean of the price coefficient is computed taking two sources of information: 1) the data
and 2} the prior information. Distributions have both means and variances, so one can
also include prior information on the vanance. For example, a tight prior variance
means that the rescarcher has a very precise idea (a prion) of the price coefficient, and
the data has less impact on the posterior mean. On the confrary, a very large prior
variance reflects a lack of a priori knowledge and the posterior mean mostly relies on

the data. Completely flat priors represent a complete lack of prior information, and have
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therefore no bearing on the posterior mean. The next section uses these preliminary

concepts to perform a Bayesian regression analysis.
2.2.1 Bayesian Regression

Univariate and multivariate regressions have been studied extensively. Frequentist
methods such as Maximum Likelihood and Ordinary Least Squares have been applied
to solve this problem, and their respective solutions are well-known; both are almost
identical. Not surprisingly, Bayesian analysis produces a similar solution but it is
interesting to follow the step-by-step process needed to obtain such solutions because it

nicely illustrates the fundamentals of the Bayesian machinery.

Consider the following model that might represent a marketing application, such as
relating sales ( 3 ) to advertising expenditures and shelf space ( X ):
y=Xp+¢

where v is a vector containing » observations y, (such as sales of each store)
X 1s a matrix containing the explanatory variables

& is vector of normally distributed errors with zero mean and variance o,

This implies that y, is normally distributed with mean X,8 and variance o’.

Therefore, the distribution of y conditional on # and o’ is

p{r18.0)=(20°)" e"p{“ o 5'5}'
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The objective now is to work out the marginal distribution of both # and &°. Using
Bayes rule, namely p(a|b)p{(b)=p(bla)p(a)=p(ab) the following two

conditional distributions can be derived:

p(ﬁiy)=p—m;%§-££l (2.3)

p(yla®)p(c?)
r(y)

p(o?1y)= (2.4)

At this stage, one may wonder what p(f8) and p(crz) represent. They are referred to

as “priors”, and can be thought of as a priori information that the researcher may have
about  and ¢’ coming from prior research, theory or belief. However, in order to

compare the results with the classical way of approaching this problem (which does not
involve prior distributions), the priors are assumed to be uninformative (also called
“flat” priors). In other words, it is assumed that the researcher simply has no

information on the parameters a priori. The priors in this example are assumed to be

proportional to a constant and therefore are not proper densities. Note that p(o*z) is

made non-informative on 1og(0'2). In more complex models, priors cannot always be

assumed to be improper, but a proper density can be imposed with a large prior
variance, which in effect makes prior knowledge very diffuse. Such priors also are

called “diffuse” priors,

Suppose that:

p{ ) = est (constant)
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It is important to realise that, although conditional distributions such as p(ﬁ i y) and

p(rf2 | y} need to be determined and evaluated, all constants of proportionality can be

dropped, hence the symbol “proportional t0” (=) is used to simplify the exposition. For

instance, p(B|y) is a function of p(y) and p(B) which are both constant. p(f) is
constant because it represents a flat prior and p(y) represent data which are a fixed

quarntity.

Equations (2.3) and (2.4) can therefore be expressed as follows:
p(B1y)<p(y15)

p(c*1y)= p(ylo?).
Using Bayes rule and assuming uninformative priors, it is thus straightforward to write

the marginal parameter distributions.

The next stage is critical since p( Bl y) needs to be evaluated while knowing only
p(y[ﬂ,oz). p(Biy} is recognised to be proportional to p{y| ), which remains
unknown. The following relationship can be used to evaluate p( y|f) from

p(y18.0%):

p(»18)= [p(y|B.0")do’
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ot de? =2 3 [(o? ;_ﬂex e }a‘o‘2 2.5
Jo(318.0%)do" = (2a)7 (0" exo|- 2 e
The integral is inverse gamma in o with parameters a =§, b:%. This observation

is useful because integrating over the whole domain of a distribution function simply

equals 1. Equation (2.5) can therefore be expressed as follows:

p(Bly)=T(a)b (2.6)
The error sum of squares £'£ is quadratic in £ . Tt is therefore possible to find A4, ﬁ

and ¢ such that:

n~ ~

(B-B) A(B-B)+c=ce=(y-XB) (y-XB)=yy-28'Xyp+ S XXp.
Expanding the left-hand side yields: S48 —2848+ B8 +c
The comparison of both expansions leads to A =XX and &B = X'y, which imply that
B=(XX)" Xy and c=y'y- ' X' X . Using this result in (2.6) and dropping '(a)
since it is constant we ¢an write:

(6-5) xx(5-5)|"
y'y-BX'Xp

p(Blyyec| 1+

which is multivariate t-distributed (Bermardo and Smith 1994, page 435).

The second distribution p (0'2 [ y) can be obtained in the same manner.

plyle?)= fp(ylﬁ,vz)ﬁdﬁ
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[p(y15.0%)dp =(2n) " exp( ze) Iexp[ =

— (ﬁ—ﬁ)’X'X(ﬂ—B)Jdﬁ

The integral is normal in £ ; hence, the muitiplication of the integral by the appropriate

constant of proportionality makes it collapse to unity. The constant of proportionality is

-g L ) .
simply (2::) 2 1X %/ 0'2| *  where ¢ represents the dimension of # and therefore,

p(ar2 |y (Zﬁcrz)—?u"“l exp[—-z—é_—z—(y'y—ﬁ'X'XB)J(Ziwz )%]X’Xr]f

p(o? | y)e(270° )'[%“] exp(—?i;(y’y - B'X'Xﬁ')),
which is mverse gamma with parameters % and é—( y-BX'X [;’) This

concludes the demonstration of using Bayesian analysis to solve a regression problem.

Although quite straightforward in the case of regression, working out the marginal

distribution of each parameter can quickly become burdensome or impossible in more
complex problems. Here, in order to get the marginal distributions of 8 and o’ only

two integrals need to be evaluated. More parameters introduce more integrals, some of
which may be unknown. This typically occurs in more complex models such as MNL
and MNP considered in chapters 3, 4 and 5. However, a new “tool”, namely the Gibbs

sampler, revolutionised Bayesian analysis by allowing one fo generate draws from

marginal distributions (i.e. p(;ﬁ’i y) and p(o‘zl y) above) without the need to

analytically solve the integrals. The Gibbs sampler is introduced in the next section.
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2.2.2 The Gibbs Sampler

A crude description of the Gibbs sampler is that it is a method for generating draws
from a marginal distribution without having to calculate the density explicitly. This
section only describes how to implement the Gibbs sampler without going into the
mathematical details of why it actually works. A very good explanation can be found in

Casella and George (1992).

According to Casella and George (1992) the first discussion of the Gibbs sampler can be
found in Metropolis, Rosenbluth, Rosenbluth, Teller and Teller (1953). However, a
more recent exposition of the algorithm by Gelfand and Smith (1990) motivated new

research using the Gibbs sampler.

The previous section showed how to obtain p( ia y) and p(cr2 | y) for the case of
linear regression. Both distributions c¢an be computed by integrating p( v A, G_z) over
p and o’ respectively. The Gibbs sampler allows one to draw from p(fA]y) and
p(azl y) without having to work out the integrals. So, given p(ﬂ| y,cz) and
p(cr2 | v, ﬁ’), the method allows one to directly draw from p(f1{y} and p(cr2 1 y).
Specifically, the sampler shows how to draw from p( Sl y,0'2) and p(cr2 v, B ) to

obtain a draw from the joint posterior distribution p( B.a’ | y). The mechanics of the

methods are described below for the regression analysis case reported in the previous

section. Assuming uninformative priors, recall from the previous section that:
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o , “B) xx(p-4
p(ﬁ]o_z,y)ocp(yiﬂ’o_z)oc(o.l)zexp{—;g}ocexp _(ﬂ ﬂ)zaz(ﬁ ﬁ)

(o’ Iﬁ,y)xp(yiﬁ,oz)oc(oz)-?ﬁ EXP{—;;}

Therefore B|c’,y is normaily distributed N(ﬁ”‘,(JZXX)_;) and o’ | B,y is inverse

gamma distributed IG (g, 828) .

The Gibbs sampler simply requires one draw from each conditional distribution in turn,
as follows.

2L0]

1.  Define starting values A and o®  for # and o. Following the example, we

may define £ =0 and ™" =1. Further define i =1 and

. ~ i -1
2.a. generate " from N(ﬁ,(o'z[ 1]XX) J

2b  generate o7 from IG(E,%‘E]

3. i=i+1,gobackto2.a

Steps 2 and 3 are repeated twice, N, and N, times. After the first N, iterations the
sampler can be assumed to have converged to the joint posterior distribution. In the
second stage, draws can be assumed to come directly from the posterior and can
therefore be collected for inference. The choice of ¥, may seem confroversial since, in

theory, this sampling scheme converges to the joint posterior as the number of draws
tends to infinity. However, in practice it 1s straightforward to monitor the convergence

and it is typically observed that the chain 1s drawing from the same region after a few
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hundred draws. In models such as the ones developed in the next chapters of this
manuscript, it is common to choose N, =N, =10,000, even though the chain appears to

have converged in much fewer draws.

In more complex problems, the choice of starting values may be important. Specifically,
it is not always possible to monitor convergence of an iterative simulation from a single
sequence. The major d}fﬁculty, known as slow convergence, is that for many iterations
the random walk can remain in a region heavily influenced by the starting distribution.
Gelman and Rubin (1992) and Gelman (1995) argue that multiple starting values should
always be considered to better assess convergence. They propose the creation of an
overdispersed estimate of the target distribution from which multiple starting values are
drawn and used to get multiple sequences of the iterative simulation. This approach
allows the construction of an estimate of how much more accurate the results may
become if the mumber of iterations is increased. Furthermore, considering multiple
sequences can reveal the variability due to the starting values as well as the variability

of the estimates themselves.
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Chapter 3

Sampling the Covariance Matrix in the

Multinomial Probit Model

Abstract

This chapter presents a new method for carrying out Bayesian inference for a
multinomial probit model, which permits a parsimonious representation of the inverse
of the covariance matrix. The inverse of the covariance matrix is decomposed using a
Cholesky factorization and element selection is performed on the lower triangle of the
Cholesky factor. All parameter estimates arc obtained by model averaging, with the
computation carried out using a Markov chain Monte Carlo sampling scheme which
requires draws from the normal and gamma distributions only. The methodology is

illustrated with an example.
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3.1 Introduction

The multinomial probit (MNP) model has been investigated by a number of researchers.
Parameter identification was discussed by Bunch (1991) and Keane (1992} and the
model has been estimated by maximum likelihoed and by Bayesian methods. However,
there are still unresolved issues in estimafing the MNP model. For example, Keane
(1992) argues that even if the model is formally identified, it is still necessary to
understand the conditions under which the estimates are well behaved in the sense that
the likehihood is not flat near its maximum. Current methods for maximizing the
likelihood of the MNP model are computationally expensive because it is necessary to
evaluate the choice probabilities numerically. This makes evaluation of the choice
probabilities using numerical integration infeasible in high dimensions. Simulation
methods such as those of Geweke-Keane-Hajivassiliou (sec Geweke 1991,
Hajivassiliou and Ruud 1994; Keane 1994) evaluate these probabilities accurately, but

are demanding computationally.

Bayesian methods using Markov chain Monte Carlo (MCMC) with data augmentation
(Albert and Chib 1993; McCulloch and Rossi 1994) are an appealing option because it
is unnecessary to evaluate probabilities. The main difficulty with most MCMC methods
is in sampling from the covanance matrix because the covariance matrix is usually
constrained to identify the parameters. Chib, Greenberg and Chen (1998) show how to
use the Metropolis-Hastings (MH) algorithm to generate the covariance matrix under
any prior. Qur paper proposes and illustrates a straightforward way to sample the

covariance matrix that is more flexible than previous approaches, but at the same time is
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very fast. Our method is based on a Cholesky decomposition of the inverse of the
covariance matrix and allows a parsimonious representation of the inverse by using
element selection on the off-diagonal elements of the Cholesky factor. All the
regression parameters and the elements of the covariance matrix are estimated by model

averaging with the computation carried out by Markov chain Monte Carlo.

The rest of the paper is organized as follows. Section 2 outlines the problem of discrete
choice modeling, Section 3 presents our method without element selection and in the
differenced space. We do so to relate the results obtained using our approach to those in
Chib, et. al. (1998). Section 4 illustrates the method in Section 3 with a travel choice
example. Section 5 infroduces the element selection method and a parameterization of

the MNP model in the original undifferenced space and applies it to the same data.
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3.2 Methodological Background

A multinomial response (or choice) is defined as a choice from a set of options; i.e.,
subjects choose exactly one option from a set of options (each set is called a “choice
set”). The choice outcomes constitute a discrete multinomial dependent variable, and
are explained by covariates that characterise the options, the individual choice makers

themselves, or both. That is, suppose there are J choices, and define y, =1 if the ith
individual chooses option j, and let y, =0 otherwise. We define a multinomial
response model as follows:

U,=x;'B, +¢; (3.1)

where U is an unobserved variable for individual / and option j, j=12,..,J,
x; is a vector of independent variables for individual / and option j,
B; is a vector of parameters,

S:-;- is an error term.

The U,j ’s can be thought of as indirect utilities associated with the options. They are

unobserved, but according to Random Utility Theory
y, =1if U > Uy forany j=k,

¥; =0 otherwise.

McFadden (1973) demonstrated that if the errors are distributed as Gumbel random
variates, then the parameters can be estimated with a Multinomial Logit (MNL) model.

Muiltivariate normal random errors lead to the Multinomial Probit (MNP) model. The
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MNL model is widely used because the choice probabilities have a closed form; and

hence it is straightforward to obtain maximum likelihood estimates.

Direct evaluation of the likelihood for the MNP model requires multidimensional
mtegration to evaluate the probabilities, and the number of integrals increases with the
number of choice options. Several simulation methods have been proposed to ¢valuate
the probabilities for a given value of the parameters because numerical integration
becomes infeasible as the number of choice options increases. The best known method
1s the GHK simulator proposed by Geweke (1991), Hajivassiliou and McFadden (1998)
and Keane (1994). The simulated probabilitics are unbiased, but the log likelihood is not
(Borsch-Supan and Hajivassiliou 1993). This may cause simulated maximum likelihood
(SML) estimates obtained by this method to be biased, although the method seems to

work well in practice (Geweke, Keane and Runkle 1994).

The MNP model is more difficult to estimate than MNL, but its richer error structure
allows relaxation of the assumption of the IID errors that leads to the Independence of
Irrelevant Alternatives or (ILA) property of MNL and related models (e.g., Luce 1959).
The IIA property states that the ratio of the probabilities of any two options is
independent of the presence or absence of other options. However, there are two
identification issues in the MNP model, because the dependent variable is not measured

on a cardinal scale. That is, only (J—1)(J—2)/2-1 elements in the matrix can be

estimated (Bunch 1991), which can be understood intuitively by noting that the choice
probabilities are invariant to adding a constant to both sides of (3.1) or multiplying each

side of (3.1) by a positive constant. Identification is achieved by setting the utility of
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one option to zero (e.g., the Jth one) and restricting one element of the covariance

matrix (e.g., element 1,1). This is accomplished, for example, by subtracting U}, from

U; 1o obtain,

W,=U;-U,;=x,'B,—x;'Bi+&,—¢,=x,,+¢§, (3.2)
which, in vector notation, becomes
th‘ = Xxﬁ + Ei

where ¢ ~ N(0,X), and by setting £, =1.

As mentioned above, one way to estimate such a structure is to use SML. Bayesian
methods using data augmentation and with the computation carried out by MCMC
provide a second approach. For example, Albert and Chib (1993) estimated binary
probit (J =2) using data augmentation by recognizing that, conditional on £ and y,,
W, has a truncated normal distribution with mean X,# and variance equal to 1. This
simplifies the estimation problem because conditional on #, the problem is Gaussian.
In other words, once a value for W, is drawn, the estimation problem is reduced to a

seemingly unrelated regressions problem (SUR). A Markov chain is formed by drawing

in turn, valnes for W, and f. This approach is easily implemented and works

particularly well with the binary probit model because the covariance matrix reduces to
a fixed scalar equal to 1. However, if the number of options is larger than 2, and a
general error covariance is assumed, then the sampling scheme requires draws from the
covariance matrix X, whose conditional distribution is complex because of the

constraint that 2, =1.
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McCulloch and Rossi (1994) solved this problem by drawing unconstrained values of X
and the regression coefficients £ and obtained proper posterior distributions for £ and
5 by setting proper priors for them. However, it may not be straightforward to set
proper priors for ¥ and f because X and £ are not independent in the prior due to the
identification constraints (see McCulloch, Polson and Rossi 2000, section 5.1).
McCulloch, Polson and Rossi (2000) use fully identified parameters, but do not have the
flexibility of our approach to carry out element selection on a factorization of £ or ¥,
Chib, Greenberg and Chen {1998) use a fully identified model and the Metropolis-
Hastings algorithm to sample directly from the conditional distribution of Z. Their
approach allows for flexible priors on the identified elements of Z, but they do not use
element selection on a factorization of X. Sections 3 and 5 present a new sampling
method that allows a flexible prior for Z, but is simpler to implement than the method
of Chib, Greenberg and Chen (1998). As mentioned previously, the method is based on
a decomposition of the inverse of the covariance matrix and a selection procedure is
implemented on the elements of the decomposition. Introduciﬁg a selection approach is
motivated by the fragile identification of the model. Specifically the aim of the method
1s to select and estimate significant elements of the Cholesky decomposition of the
inverse of the covariance matrix. In particular, our approach to parsimony becomes
attractive when the number of alternatives is large because the number of unknown
elements in the covariance matrix increases quadratically with the number of options.
For example, if the data appear to support a diagonal structure, then our method would

converge to it and set the non-diagonal elements of the covariance matrix to zero.
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Variable selection methods were first introduced to determine which independent
vartables enter into a linear regression model (Mitchell and Beauchamp 1988; George
and McCulloch 1993, 1997; Raftery, Madigan and Hoeting 1997). The ideas were
developed further by Smith and Kohn (1996) who applied them to estimating regression
funetions non-parametrically. Our approach is based on that of Smith and Kohn (1999)
who estimate a covariance matrix using a Cholesky decompeosition of its inverse and
apply element selection to the lower triangle of the Cholesky factor. Smith and Kohn
(1999) do not, however, consider the multinomial probit model, which has the added

complications of identifying constraints on the covariance matrix.

3.3 Sampling from the Posterior Distribution in the MNP Model

This section presents the three steps used to draw from the posterior distribution in the
MNP model. Steps 1 and 3 are usually broken down further to make the sampling
tractable. The third step introduces the basic representation of the inverse covariance
matrix required for our method. In this section and Section 4 we work in the difference
space in order to relate our method to previous approaches that also used differencing.
An alternative way of estimating the MNP is to use the original space with extra

constraints on the covariance matrix. This approach is outlined in Section 5.
Sample ¥, from (%, | 3, 5,),
Sample £ from z{f|W,XT),

Sample £ from #(Z|W, S},

where W =(W,,...,W,) and N is the number of choice sets.
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Each of these conditional distributions is now considered in more detail. The
distribution represented in step one is a truncated multivariate normal distribution.

as the vector W éxcluding the jth component. The elements W, can be

Define W,_),

sampled by drawing in tum from univariate normal  distributions

x(W; | v W1, B;-Z) , truncated to the region implied by the indicator variable y, (see

McCulloch and Rossi 1994 for more details). It is also possible to use an accept-reject

method to draw directly from the vector ¥, but if the number of options J is large, this

method generates too many draws that are rejected before obtaining one that satisfies
the constraints.

The conditional distribution in step 2 is

TBIW,5) exp[—%zs;z*efJ 7(B).

The term

exp[—%Zs[E“lsiJ
is Gaussian in # ; making it straightforward to generate f. In particular, if the prior

density of B is N{f,,/™"), then §|W,2~N(B,47"),

where AzZX:E"l)(j+V and f=A" [ZX;_IW?'*'V%J'

Step three introduces our new approach to sample from the constrained covariance

matrix Z. Qur method is based on a decomposition of the inverse of T as

> =B'DB, (3.3)
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with D a diagonal matrix and B a lower triangular matrix with ones on the diagenal.

To enforce the identification of £ through the condition X, =1, we assume, without
loss of generality, that D, =1. The matrix £ is generated by generating B and D.

This decompaosition of the inverse covariance matrix is used by Smith and Kohn (1999)
in estimating seemingly unrelated regression models, but these authors do not consider

the application to the MNP model, which requires further identification conditions.

We follow Smith and Kohn (1999) and first show how to sample from the conditional

distribution 7 (B8 |W, B,D):

7(B|W,pB,D) «<|B'DB|"" exp (‘%Z s;B'DBg,.) 7(B|D)
which simplifies to
7(B|W, B,D) ocexp(—% tr BAB‘D) 7(B| D), (3.4)

because det(B)=1. In (3.4), the matrix 4= &4

For convenience, we partition the matrices B, D and A as follows:

I 0 00 1 0 0 0

A4 a

bb 1 0 0 0 d, 0 0 .

B=| | D= A=|al «
: I 0 0o 0 - 0
b, 1 0 0 0 4,

The vector &, is (i—~1)x1l, and 4 and g, are dimensioned conformally as (f —1)x (i —1)

and ( —1)x1. Using this notation,
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7Bty | WD, B ﬁexp(%d,-(b;fm +2b,-af-)) «BID)  (3)

i=2
That is, up to the priorz(B| D), the vectors b,...,b, , are independent and Gaussian;
and hence it is easy to generate them irrespective of the form taken by the prior
z#(BID). In particular, if the &

i

are normal and independent a priori with

b~ N(by;,By}}, then from (3.5), #(b,|W,8,D) is N(b,B'), with B,=Ad,+B,,

I

and b, =-B;’ (aidf - Bo,ibO.i) :

Finally, we show how to generate the diagonal elements d,,...,d,, of D. The

conditional density of these elements is given by

PNE

J-1
{dyye.rdy s | W, B,B) < [ |4 exp(m-lz-dc Ve(D| B),
i=2

where C = BAB'.

That is, up to the prior z(D|B), the d, have independent gamma distributions. It is,
therefore, straightforward to generate d,,...,d, , irrespective of the form of the prior
7(D|B). In particular, if the prior density of 4, is Gamma{d,,A,} and the d, are
independent then z(d,|W,B,B) is Gamma(5,A), where 6=05N+1+8, and

A=0.5C, +A,.

It is now clear that using the representation (3.3} of the covariance matrix, it is

straightforward to draw B and D for any prior 7(B,D) because it is always possible

to approximate the densities 7(,| D) and z(d, | B) just once to make the generation
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simple and fast. For example, we could approximate the densities of the individual

elements of b, by piecewise normals and the density of d, by piecewise gamma

distributions. The priors for B and D can be derived from the prior for T either

analytically or by simulation.

For example, suppose that we believe that the covariance structure is close to IID. We

can use a prior that is centered on an IID covariance matrix. The errors in the difference

form are &; —¢, , so that if the g; are IID then £ has diagonal elements equal to 1 and

off-diagoenal elements equal to 0.5. For./ =4, £, B and D are

1 05 05 1 0 0 1 0 0
=105 1 05 ,B,=(-1/2 1 0|andD,=0 4/3 0
05 05 1 ~1/3 ~1/3 1 0 0 15

By centering the priors for Band D on B,,and D,, and using small variances, we can

estimate a model close to IID probit. Making the priors more diffuse relaxes the IID
assumption. If model identification is fragile as noted by Keane (1992), our approach

allows estimates intermediate between 11D and MNP models.
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3.4  Empirical example

We now apply the sampling scheme in Section 3 to travel data collected by David
Hensher and distnibuted with the Limdep Econometric Software. The same data were
used by Chib, Greenberg and Chen (1998). The data come from a revealed preference
experiment involving 210 subjects who chose among plane, train, bus and car modes for
trips between cities in Australia. To allow comparisons with Chib et al., we selected
four variables available to explain these choices: terminal waiting time (TWT),
generalized cost (Cost), household income (Income) and size of travel party (PartySize).
The latter two were assumed to only impact individual differences in the likelihood of
choosing plane. Moreover three alternative specific constants (plane, bus and train; car

= reference} were included. The model can be expressed as follows:

Uane= 04 + BTWT + f,Cost + B, Income + B, Partysize + g

U =0, +BIWT + B,Cost + &,

bus

Usin =0 + BTWT + B,Cost + &,

The following priors were used:

B~ N(@G10L), d, ~ Gamma(d, ;p;¢,1/ ¢}, b~ N(b, yp.c,1;),
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where ¢, =¢, =10 and d,,, and b, ;, arc the values of d, and b. in the IID case as
defined in Section 3. In further work not reported here we found that the prior for A
can be made much less informative, e.g. B~ N(0,10°L.) without affecting the results,
but the prior assumed above for the d; and b, cannot be. Estimates for IID probit were

obtained by making ¢ very small (e.g. ¢, =¢, =10""%.

We studied the properties of the sampling scheme by running it for a warm-up period of
10,000 iterations, at the end of which we assumed that it was producing iterates from
the correct posterior distribution, and a further 500,000 iterations to estimate the
posterior means and standard deviations. Such a high number of iterations was feasible
due to the small sample size and the speed with which our method generates draws from
the covariance matrix. We wrote the program in Gauss, which required less than 2
hours, or less than 15 seconds per 1000 iterations (using one 625MHz processor on an

Alpha Server 8400). The posterior means of # and X are presented in Tables 3.1 and

3.2 and are similar to those obtained by Chib, et. al. (1998).

Table 3.1: Posterior mean and standard deviation for f3 :

Vartable Mean Standard deviation
Constant for plane 2.003 0.562
Constant for train 1.428 0.256
Constant for bus 1.189 0.247
Terminal waiting time -0.030 0.007
Generalized cost measure -0.010 0.002
Income * constant for plane 0.013 0.005
Party size * constant for plane -.459 0.112

48



Chapter 3 Sampling the Covariance Matrix in the Multinomial Probit Model

Table 3.2: Posterior mean and standard deviation for %.:

Elements of Mean Standard deviation
(oP) 0.309 0.219
S 0.540 0.261
T3 0.110 0.193
G 0.215 0.138
G33 0.267 0.137

We note that the priors that we used on the covariance matrix were more dispersed than
the priors used by Chib, et. al. {1998). We found that it was not possible to get sensible
results if ¢, and ¢, are extremely large, for example ¢, =c, =10'°, a value which
effectively gives a flat prior. When we examined the priors used by other researchers,
we realized that they had frequently assumed relatively tight prior information on the
covariance matrix. Such informative priors may be necessary because of the fragile
parameter identification noted by Keane (1992). We used Monte Carlo simulation (not
reported here) to ensure that the sampling scheme was driven by the data rather than the
priors even with ¢, and ¢, equal to 10. Qur experience is that even with well-identified
parameters, priors cannot be assumed to be completely flat. With experimental data,

flatter priors (even with ¢, and ¢, equal to 10°) generate sensible estimates but with

¢, =¢, =10 they do not.
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Figure 3.1 and 3.2: Posterior mean estimates each over 1000 draws for ol 2, 022, 023

Figure 3.3 and 3.4: Posterior mean estimates each based on 1000 draws for two
alternative specific constants (Plane and Bus) and 2 other covariates (Terminal

waiting time and Farty size * constant for plane).

1

Figures 3.1, 3.2, 3.3 and 3.4 graphically display the averages of the iterates (in blocks of
1000) of some of the parameters. These 500 averages can be taken as a sequence of

posterior mean estimates each based on 1000 iterates.

It should be noted that we kept the range on the vertical axis constant to be able to
compare the amount of variation in these plots. Clearly, there is much more variability
in the distribution of the posterior mean estimates for the covariance elements and the
alternative specific constants than the other covariates. The plot for &), in figure 3.1 is
of most concern because it shows large outliers for some averages, suggesting that
posterior mean esﬁmates based on 1000 draws have a large left tail, which gets worse as
¢, and ¢, increase. Thus, informative priors are clearly needed, but how tight these

priors need to be is an open question.
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3.5 Selecting a subset of the covariance matrix elements

This section exploits the simplicity of the approach presented in section 3 to implement
a selection procedure to reduce the number of elements necessary to parameterize the
covariance matrix. This approach is motivated by the fragility reported in the estimation
of the MNP model. Reducing the number of elements of the covariance matrix by
sclecting and estimating only the most important ones may lessen this problem.
Moreover, the size of the covariance matrix increases with the number of choice
options. With 4 choice options, it is necessary to estimate 5 elements of the covariance
matrix, but with 10 options this number increases to 44. Therefore, to gain efficiency,

one could iry o estimate a sparser structure by selecting and estimating fewer elements.

To adapt the concept of variable selection in regression to selecting elements of the
covariance matrix, or more precisely the decomposition of the inverse covariance, it is
necessary to compare them to some base covariance matrix. An cbvious base model is
the IID structure, in which case the marginal posterior probability is computed that each
clement is equal to its [ counterpart. Instead of the base model being the identity, it is
possible to use a more general diagonal structure. The procedure is unchanged but a
diagonal covariance matrix is estimated in the first stage and used as the default for the

selection procedure in the second stage.

To obtain identification in sections 2 to 4, the model was expressed in terms of
differences from the last option. Identification can also be achieved by restricting the
covariance matrix. For example, the variance and covariance elements of the last option

can be restricted to 1 and 0’s respectively. The selection can be done in either way, but
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this alternative approach seems simpler. Taking differences complicates the default
model because any diagonal structure produces a full covariance matrix when the model
is expressed as differences to a base; see section 3 for a representation of the IID

structure in the difference space.

The model we now work with is written as follows:
Uy =x;"B; + &,

where & is N(0,27), £;,X), =0 fori#J and %, =1.

The “*” notation was introduced in Section 2 to differentiate the model in its full
representation from the differenced model used to achieve identification. To facilitate

exposition, the “*” notation is now omitted as such differentiation is now unnecessary.

The covariance matrix is again decomposed into a lower triangular matrix and a
diagonal one such that ' =B'DB. The flexibility of the method allows sefting
Z,,L;=0 and %, =1 by taking, without loss of generality, B,,B,=0 and D, =1.

We take a diagonal T as our default model which makes B the identity matrix in this

model],

Let now y; =(¥;;,....¥;,-;) be a vector of indicator variables such that y,, =0 if b, is
identically 0, and 7, =1 otherwise. In other words, at each iteration the indicator
¥:; =1 implies that element b; is estimated and 7, , =0 indicate that 5, must be fixed

to zero.
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The indicator variables y,; are assumed to be jointly independent a priori and have
prior probabilities 7#(y,, =1)=0.5 for all 7 and ;. Using this notation the distribution
of y,; can be obtained with D and B, ’s elements integrated out (as normal and gamma
integrals, see section 3);

z(7|B.D.B,,5) = DI"*" exp(-0.5t DB, 4B,")

The matrix A 1is defined and partitioned as in section 3, but since only the selected

clements of B, need to be integrated out of the distribution, 4, now consists of the

corresponding  selected elements in B, . The prior density for b, |D,y,8 is

N(b;,cbi(zi.yd,.)il) and d, is gamma(d?/cd,.,l/cd,.).

By integrating 5, out, we have:
x (}’i W, ﬁ) o dj(N"‘?ﬁ )t'lrflr,f2 | Am !—1/2 exp (__1/2 (ai "'m:"y, Afh-lam _a:y,.bf(y:’?)di)
where r=c,/(1+c;), =1/(1+c,) and

g,, represents the number of selected elements in b, .

The d; elements can be integrated out as a gamma integral:

ﬂ.(y! | W’ ﬂ) x F((D)* rq” ” I 147'?’; I—1/2 (1/2 (ai _ra;h A!Tf_laf}’i - a;}’. bs{:’,rj) + I/Cdi' )‘_Vj

where ¢ = (N —gq,)/2+d] [c,

Since the vector y, is binary, conditional probabilities ;r(y,.j =1\, ﬂ,y,.,w) and

fr(yg. =0|W, B, j) must sum to 1 and can therefore be normalized and evaluated.
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The Gibbs sampler can be used to generate ;. All other distributions can be sampled as

in section 3. The method has been applied to the data described in section 4. Rather than
reporting the mode of the estimates by estimating a final version of the model using a

selected subset of variables, each draw of B, is used to compute £, which produces

estimates that are averaged over all subsets/models considered.

Table 3.3 presents the diagonal structure used as default for the sclection. It was
obtained using an algorithm similar to that of section 3 but with an identity matrix in
place of B and without taking differences with respect to a base alternative. 10,000
iterations were used for convergence and another 10,000 to generate both the default

and the moments of the posterior distribution using the selection scheme.

Table 3.3: Posterior mean and standard deviation of the default covariance matrix

Default £ Mean Standard deviation
oy 1

on 0.575 0.230

O 0.199 0.168

4y 0.420 0.205

The results of the selection/averaging procedure generated with these default values are

presented in tables 3.4 and 3.5. The priors are similar to the previous example expect for
¢ which is made larger (¢, = ¢, =10;¢=10°). In conclusion, a diagonal matrix seems

to be sufficient for these data. All covariance elements arc clearly not significantly

different from zero.
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Table 3.4: Posterior mean and standard deviation for X

Elements of T Mean Standard deviation
G2 0.00136 0.042
G2 0.550 0.240
G135 -0.00118 0.029
Cn 0.00405 0.031
C13 0.206 0.165

Note: ou4is set to its default o4, o, O34 are zeroed for identification purpeses

Table 3.5 presents the posterior means of the coefficients. To compare them to those
presented in table 3.1, the fact that both models are not scaled identically must be taken
into account. Effectively, since the first model is expressed as differences from a base
while the second is not, setting X, =1 identifies the model in both cases but locates it

differently. Therefore, there is a factor of proportionality between the two scts of

estimates. Figure 3.5 demonstrates that relationship.

Table 3.5. Posterior mean and standard deviation for f3 :

Variable Mean Standard deviation
Constant for plane 3.202 0.556
Constant for train 2.073 0.245
Constant for bus 1.777 0.245
Terminal waiting time -0.045 0.006
Generalized cost measure 0014 0.002
Income * constant for plane 0.015 0.007
Party size * constant for plane -0.624 0.138
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Figure 3.5: Posterior means estimates: Full MNP versus MNP with selection

Full MNP (no selection)

1 y =0.6505x

R =(.9968
Iy & T T T 1
a v 1 2 3 4

MNP with selection

The selection procedure also allows us to computs the probabilities that elements of the
B matrix are different from zero. Table 3.6 presents these probabilities which confirm

that a diagonal matrix is sufficient for these data.

Table 3.6: Probabilities that B's elements are different from zeros

Elements Probabilities
B 0.121
Bis 0.080
Ba 0.123

Finally, we note that the selection scheme does not require much more processing, but
this may not be obtained in problems with many more choice options. Selecting
elements of the covariance matrix has implications for the priors. That is, their choice
appears less critical, no doubt due to the fact that fewer elements had to be estimated in
the example because a diagonal structure was sufficient. It also demonstrates the

simplicity and flexability of the method proposed in section 3.
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3.6 Conclusions

This chapter introduced a new approach for Bayesian estimation of the MNP model. It
allows for flexible priors for the covariance matrix, but is simple to apply. [n view of the
fragility of practical identification in MNP models, it is necessary to place informative
priors on X, which makes the approach attractive. The flexibility of the method is
further exploited by implementing a selection procedure on the elements of the
covariance matrix, whose size may therefore be reduced if such a reduction is supported
by the data. We considered a small example to show that the method is fast and
produces results similar to previous MNP models estimated from these data. Moreover,
the selection procedure demonstrates that a diagonal structure offers a good
representation and a more complex ecrror structure is probably nof required for this

specific example.
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Chapter 4

Comparing MNL and MNP with Experimental Data: Are

MNL Estimates Biased When Errors Are Non-I1D?

4.1  Introduction

Choice models have been widely used in marketing to model consumer preferences. A
reason for their popularity is the recognition that many marketing decisions involve
choosing amongst mutually exclusive alternatives in real markets, including the choice
to 'not choose’. Two widespread model forms are the multinomial logit (MNL) and
multinomial probit (MNP); the latter allows for more general error structure. Staelin and
Chapman (1982) pioneered the application of MNL models to scanner panel data;
Louviere and Hensher (1983) and Louviere and Woodworth (1983) were the first to use
them on choice experiment data. While it took longer for the more complex MNP to be
applied, it now appears in the literature with increasing frequency (e.g., Chintagunta

1992; Boldue, Lacroix and Muller 1996; Haaijer, Wedel, Vriens and Wandsbeek 1998).
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Even though scanner panel data are now readily accessible, they are not the only choice
data of interest to marketers. Another way of collecting information is provided by
conjoint choice experiments, that now are widely used in marketing rescarch to assess
and predict the likely outcomes of new product introductions, changes to product
configurations and many other applications (see Wittink and Cattin 1989). Louviere,
Hensher and Swait (2000) discuss some advantages of choice experiments compared
with real market choice data. For example, real market data do not allow one to estimate
demand for new products with new features; they often lack variability in explanatory
variables and are often highly collinear and expensive to c¢ollect. On the other hand, real
market data do not suffer from interpretation biases that experiments might introduce.
Therefore, many studies mix revealed and stated preference data as a joint enrichment
strategy (¢.g., Adamowicz, Louviere and Williams 1992; Ben-Akiva and Morikawa

1990; Swait, Louviere and Williams 1994; Hensher, Louviere and Swait 1999).

Real market and experimental data clearly differ but both MNL and MNP models are
now used irrespective of the data source. Although models more complex than MNL
such as Nested logit, heteroscedastic logit or mixed logit are now commonly used, much
research has been based on MNL because historically it was the available tool with
which to analyse discrete choice data. Not surprisingly, therefore, scholars have studied
biases associated with the use of MNL when the true choice process is generated by
another model such as MNP. For example, Horowitz (1980) assessed possible biases
from using MNL when errors are not independently and identically distributed (IID);
using revealed preference (RP) travel demand data he found that estimates from MNL

models were consistent. However, questions remain about the performance of MNL
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estimated with stated preference (SP) data, and especially for different types of

experiments in which errors are not IID.

We investigate MNP not out of a desire for more complexity but rather due to findings
from previous studies in marketing. The 11D error assumption does not in itself imply
the independence of irrelevant alternatives (IIA) property of MNL, which states that a
new alternative will impact the existing ones in proportion to their current market share.
However, the core of the problem of interest in this chapter is in the assumption that the
errors are independent. For example, as Ben-Akiva and Lerman (1985, p.109) note:
"...any model based on the assumption that all the disturbances are independent would
necessarily yield counterintuitive forecasts for the ved bus/blue bus problem". As
mentioned, many researchers have reported violations of this assumption, such as
Simonson and Tversky (1992), who found that the same alternative can appear more or
less attractive depending on other alternatives present in the choice set. This suggests
that non-IID errors should be allowed when some brands in choice sets are more closely
related than others becanse similar brands are likely to share unobserved attributes that
affect their error terms in similar ways. Other examples include violations of the 1A
property between “none/no purchase™ options and other alternatives in the set (e.g.,
Bucklin and Lattin 1991; Chintagunta 1993, Dellaert, Borgers and Timmermans 1996).
Such violations of the ITA property require models that are more complex than MNL to
detect them. Since MNP models have the most general error structure, they allow
researchers to detect any violation of assumptions associated with MNL models, even

though simpler structures such as mixed logit models can also be useful in this regard.
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Given that MNL assumes that each individual acts as if she satisfies the IIA axiom, and
that there are reasons to believe that, in marketing, this assumption is not always
appropriate, it is imperative to verify whether studies, which used MNL with choice
experiments, made correct inferences when the errors were non-I1D, or if all results
should be reconsidered in the light of more general estimation procedures. Now that
MNP can be estimated due to recent advances in optimisation methods and more
powerful computers, the gains from shifting from MNL to MNP may be examined more
easily. It is also of interest to make sure that experimental data provide enough
information to estimate the structure of the covariance matrix, which is the real henefit

of MNP.

This chapter examines MNL and MNP estimation for choice experiments with non-IID
errors. To do this, we use Monte Carlo (MC) simulation with two different types of
experimental designs. The remainder of the chapter is organised as follows: in the next
section, MNL and MNP models are briefly reviewed followed by a description of the
designs investigated. Section 4 presents the results of the MC simulation. Conclusions

and directions for further research complete the discussion.
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4.2  Choice Models

MNL and MNP models are increasingly used to analyse choice (multinomial response)
data when subjects choose one, and only one, option among a set of mutually exclusive

alternatives. In this section, both models are introduced in greater detail.

MNL and MNP can be derived from Random Utility Theory (RUT). Consumers are

assumed to associate a utility (U] ) with each alternative in a choice set and are assumed

to choose the most preferred alternative as if they are using a utility maximising
behavioural rule. It is further assumed that the utilities are linear functions of the

attributes (x,) that describe the alternatives. These model assumptions lead to the
following expression:

U,=a; +x. 8 +&, (4.1)
The indirect utilities U for individual ; and alternative ; (j=1.2,..,/) are unobserved
variables since only discrete choices can be monitored. £] is a vector of coefficientss

that represent consumers' trade-offs among different attributes of a specific product (and

captures what is known as the systematic component of utility). It is important io note

that the coefficients can be alternative-specific (as indicated by a subscript for £7), or
generic (as indicated by no subscript for #°). « represents a vector of alternative-
specific constants (ASC's). Finally, a random component ¢ is introduced to reflect that

the analyst does not understand the choice process perfectly.
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Although the U}’s arc unobserved, given that consumers are assumed fo choose the

alternative they prefer most, the following is known:
U,=1ifU; >U, forany j=k,

U, =0 otherwise.
In other words, U, is an indicator variable, which takes the value 1 if alternative j has

been selected and 0 otherwise.

Models in which the dependent variable only satisfies ordinal properties have two
identification issues that can be appreciated by recognizing that if one adds or multiplies
equation {4.1) by a positive constant the indicator variable is unaffected. In other words,
utilities can be rescaled by any order-preserving transformation, which leaves the
indicator unaffected. These two identification issues arc typically dealt with by setting
the utility of one alternative to zero (i.e. the J’s one) and restricting one element of the
covariance matrix (i.e. element 1,1). This can be accomplished, for example, by first

subtracting U, from U/} as follows,

W,=U;-Uj=a;+x;'B] —a,-x,'B,+é;-&, =a,+x, 8, +&,
which in vector notation becomes: W, =X, f+e, where ¢ ~N(0,Z), and by secondly
setting £, =1. The result of these identification restrictions is that only differences

between utilities can be estimated.

Different assumptions about the error distribution allow one to derive the MNL or MNP

models. For example, McFadden (1973) showed that if the error distribution is IID
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Gumbel (or equivalently type I extreme value), the parameters of interest can be
estimated with a MNL model. McFadden accomplished this by extending the onginal
paired comparison work of Thurstone (1927) to the multiple choice case. The
Multinomial Probit (MNP) model introduced earlier is obtained if one assumes a normal
distribution for the random components. The real advantage of MNL over MNP, and the
reason it has been more commonly used, is primarily computational because a closed
form expression for the probabilities exists, which allows one to quickly locate the

Maximum Likelihood estimates.

Recently, advances have been made in estimation of MNP. For example, to use
Maxiroum Likelihood (ML) to estimate MNP requires the evaluation of multiple
integrals to the compute probabilities. Obviously, as the number of choice alternatives
increases, the computational burden associated with multiple integrals also increases. A
solution for this problem is to simulate probabilities and therefore evaluate the log
likelihood (LL) for a particular set of parameters. One approach is the Geweke-
Hajivassiliou-Keane simulator (GHK), which gives very quick and accurate
approximations of the probabilities (i.e. Geweke 1991, Hajivassiliou 1994 and Keane
1994). Although the simulated probabilities produced by the GHK are unbiased, they do
not yield an unbiased LL {Bérsch-Supan and Hajivassiliou 1993). However, in practice
Simulated Maximum Likelihood (SML) has been shown to work well (Geweke, Keane
and Runkle 1994). Recently, the precision of SML method has been improved by the

introduction of Halton sequences (Train 1999; Revelt and Train 1999).
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Another approach to estimating MNP models is based on a Bayesian framework (e.g.,
McCulloch and Rossi 1994; Chib, Greenberg and Chen 1998), that uses the data
augmentation technique detailed in Albert and Chib (1993). Chapter 3 discusses this in

more details.

When comparing different estimation procedures, it is important to bear in mind that the

variance of the Gumbel distribution is equal to 7z%/65° (Ben Akiva and Lerman 1985).

Therefore, MNP and MNL estimates should be closely related but require rescaling to
achieve this. In a case of IID errors, MNL and Identity probit (i.e., the Identity probit
model is defined as the MNP model assuming an IID error structure) should be equal up

to a rescaling factor that is approximately equal to 1.6 (=7*/6 - see Amemiya 1981).

This chapter considers non-I11D errors; hence even if all the models considered produced
unbiased estimates, parameters would not be equal but proportional. Unfortunately the
constant of proportionality that rescales MNL and Identity probit parameter estimates to
non-I[D MNP is unknown. Therefore, to compare the three models, all estimates are re-
centered (or rescaled) around their true valucs. We assume that MNP is the true model;
thus it should not need to be rescaled; however, since MNP cannot be centered perfectly
due to sampling errors, centering the other two models could give them an unfair
advantage. Despite the latier observation, we find that the rescaling factor in the case of
MNP is very close to 1 (around 0.96). To assess differences in standard deviations the
same rescaling factor must be applied, but t-ratios can be more easily compared because

they are not affected by the scaling constant.
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4.3 Conjoint Experiments

Typically, choice experiments consist of a series of designed scenarios (or choice sets),
and each choice set describes several competing products. A sample of respondents
chooses their preferred product from each choice set. Scenarios are usually constructed
from fractional factorial designs whose objective 15 to estimate the impact of each
attribute on the respondent’s decision as independently as possible of all other

attributes.

Many studies (e.g., Anderson and Wiley 1992; Kuhfeld, Tobias and Garrat 1994;
Bunch, Louviere and Anderson 1996; Huber and Zwerina 1996) have mvestigated the
problem of how to devise the most statistically efficient experimental designs for choice
models. Although orthogonality does not ensure efficiency, it is usually desirable, but
other criteria that have been investigated for constructing these kind of experiments

include level balance and minimal overlap.

It is worth noting that the reasons for asking only choices from respondents have been
well documented. That is one may wonder why experimentalists would construct tasks
that yield only discrete information (such as choices) instead of observing ratings or
rankings which appear to contain more information and/or are associated with easier
estimation procedures. In particular, Louviere, Hensher and Swait (2000) explain that
ratings and rankings require strong assumptions about human cognitive abilities to be
satisfied in order for response to be of a higher measurement level than discrete choices.

Moreover, choice tasks are more realistic than rating or ranking tasks and the issue of
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differences in response scales and scale usage between individuals does not arise (e.g.,
Elrod, Louviere and Davey 1992; Carroll and Green 1995). In addition, discrete choice
tasks are quite easy and can be completed fairly quickly by respondents; hence
respondents can evaluate more profiles. For example, Johnson and Orme (1996) showed
that at least 20 choice sets could be administered to subjects without much decrease in
information quality. Finally, choice experiments easily produce market share estimates,
which are often useful to practitioners, without the need for ad hoc assumptions to

translate stated intentions or conjoint model predictions into choices {Louviere 1988).

There are a very large number of possible methods to design choice experiments that
could benefit from an investigation of the impact of using MNL when the true
underlying process involves non-IID errors. Thus, we restrict our investigation to
commonly used designs involving five attributes and four alternatives (one of which is a
constant) and consider main effects only designs. The first experimental design was
constructed following the approach described in Bunch et al. (1996), who showed that
shifted designs (also called "cyclic designs” by Huber and Zwerina 1996) were the most
efficient for the MNL estimation of main effects only for the case of generic coefficient
specifications. Shifted designs use an orthogonal array to construct the first alternative
and shift its leveis using modular arithmetic to construct additional alternatives. In order
to be able to construct three alternatives from an original orthogonal array, at least three
levels for each attribute are needed; hence we used a 4> orthogonal main effects design
(in 16 profiles) to construct the first alternative, and shifted it twice to obtain two

additional alternatives.
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Because properties of experimental designs for choice tasks are not yet well known,
there is little guidance available to construct designs that are consistent with non-IID
models. On the other hand, experimental designs that result in attribute columns that are
orthogonal within- and between-alternatives have been used to estimate non-IIA or
cross-effects models. For example, Kuhfeld, Tobias and Garratt (1994) suggested that it
is standard practice for choice experiments to be designed such that all main effects are
estimable within- and between-alteratives. Such designs are also useful for estimating
alternasive-specific coefficient models because they ensure that the atiribute columns
belonging to different alternatives are also orthogonal to each other. The preceding
suggests that it would be of academic and commercial interest to test two designs: (1) as
discussed above, a design that is orthogonal only within-altematives (e.g., a 4
fractional factorial), which is consistent with a generic coefficient MNL model (but not
alternative-specific coefficient models); and {2) a design that is orthogonal within- and
between-alternatives (15 attribute columns taken from a 4”7 fractional factorial). To
estimate main effects only of 15 attributes in four levels, a design in 64 profiles is
selected; that is the 4*'*. The literature suggests that only the latter design, should
allow one to precisely estimate non-generic coefficients; thus a key research question
addressed 1n this chapter is whether either design can retrieve the correct parameters if
the errors are non-1ID. A second research question is whether MNL models yield biased
estimates for both designs if errors are not IID. Both research questions are studied
under the assumptions of generic and alternative-specific coefficients. The conditions
investigated are swmmarised in Table 4.1 and the research questions can be expressed as

differences between conditions A to H. More precisely, the first research question
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investigates the following comparisons: A vs. C, B vs. D, E vs. G and F vs. H. The

second research question compares A vs. E, Bvs. F, C vs. Gand D vs. H.

Table 4.1: Conditions investigated under non-IID errors assumption

MNL MNP

Generic Alt.-spec. Generic  Alt.-spec.

43 A B E F

43118 C D G H

A constant alternative was added for all choice sets since a constant alternative like
"none" or a no-purchase option is often included in practice to make experiments closer
to reality (Carson et al. 1994), among other reasons. Such options allow respondents to
indicate that if the described alternatives were their only options they would not choose
any. Another form of constant aliernative is a "your current” or "latest chosen brand"
option, which allows respondent to switch from their current product to one offered by
the experiment. The choice of a constant alternative depends on the application and
example of each can be found in Elrod et al. (1992) for an "own" constant alternative or
in Oppewal, Louviere and Timmermans (1994) for a "none" option. The type of base
alternative is not relevant to the research in this paper thus all attributes describing this
alternative were coded zero, which is equivalent to a "none" option. Using base options
can also be important from a statistical efficiency perspective. That is, as explained
previousty, choice models only estimate differences between alternatives; hence adding
a constant alternative ensures that differences between the base and all other alternatives

remain orthogonal (Dellaert, Borgers and Timmermans 1996 also point to this). This is
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not always important because clearly an experiment which is orthogonal between and
within-alternatives would not require the constant option to ensure that the differences
remain orthogonal. It can nevertheless be important depending on the strategy chosen to
construct the experiment. Nof withstanding the orthogonality issue, optimal designs
cannot be obtained by only ensuring that all differences are orthogonal because the
information matrix used to define optimality criteria such as D-optimality or A-
optimality is a function of the unknown model estimates. Thus, optimal designs are
difficult to obtain and can apparently be attained only after the estimates are known. Not
surprisingly, therefore, most researchers (e.g., Bunch et al. 1996; Street et al. 1999) have
investigated design optimality assuming the null hypothesis of no difference between

the effects of each atiribute to be true (i.e. model estimates equal zero).

It is also important to check how the estimated covariance matrix compares with the
true values for each choice experiment. For example, Dellaert, Borgers, Louviere and
Timmermans (1996} argue that designs in which attributes are orthogonal only within-
alternatives, as well as designs in which attributes are orthogonal within- and between-
alternatives, may be inefficient if there are IID violations or may have identification
problems. They propose a method that uses interrelated designs to identify and estimate
models with non-IID crrors. Thus, the literature is unclear as to whether one can
estimate the structure of the covariance matrix properly with the experiments considered

in this chapter.

The particular issues addressed in this chapter now can be more clearly stated. That is,

we study the extent of biases that arise if one estimates choice experiment effects with
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MNL models but the true errors are not IID. The following experimental situations are

investigated:

1. Coefficients are assumed to be generic and the design is orthogonal only
within-alternatives (4°7).

2. Coefficients are assumed to be alfernative-specific and the design is
orthogonal only within-altematives {4°7).

3. Coefficients are assumed to be generic and the design is orthogonal
within- and between-alternatives (15 variables from 4°7'°).

4. Coefficients are assumed to be alternative-specific and the design is

orthogonal within- and between-alternatives (15 variables from 42*).

Identity probit models are also estimated; we expect Identity probit to produce
parameters very similar to MNL due to similar assumptions about error terms. The
distribution of the truc model is normal; hence any biases from using MNL can be
attributed to the different underlying distribution rather than to a non-IID error
assumption. Including the Identity probit in the research allows us to determine if it
manifests the same biases as MNL; and if there are biases, it will be clear that they are
due to assumptions about the covariance matrix rather than the distribution per se (i.e.
Gumbel vs. Normal). Moreover, it will rule out any potential differences due to different
methods of estimation. That is, MNP and Identity probit are estimated using bayesian
methods but maximum likelihood is used to estimate MNL. The MNP model is

estimated using the approach discussed in Chapter 3. As Revelt and Train (1999) argue,
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the choice of the method is mostly a case of what the researcher feels more comfortable

with.

44 Results

This section presents results from Monte-Carlo simulations (30 replications) using
MNL, Identity probit and MNP models to estimate model parameters from choice
experiments when errors are not 11D. The covariance matrix of the error structure used
in these simulations is presented in Table 4.2. It was chosen to be clearly different from

the 1ID structure.

Table 4.2 Covariance matrix for IID errors vs.

covariance matrix for non-IID errors

1 =05 -1 1 05 05
-05 25 =125 05 1 05
-1 -25 6 0.5 05 1

it should be noted that all the models in this research estimate attribute main effects

only.

Case A vs. E: Generic coefficients with a 45 design

The first results in Table 4.3 pertain to applying the three models to the smallest

cxperimental design (4°7) assuming that coefficients are generic. That is, the true
model is generic but was generated with non-IID errors. The average parameter

estimates, rescaled for the MNL and Identity probit io be comparable to MNP, are
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shown in Table 4.3. The parameters used for these simulations are displayed in the

column "Truth" of Table 4.3.

Table 4.3: Average parameter estimates and biases (generic coefficients) with 47

Average parameter estimates Average biases
Labels Truth

MNL  Identity probit MNP MNL  Identity probit MNP

Constanr | -0.9 -0.193 -0.083 -0.813 0.707 0.617 0.087
Constant 2 -0.8 0.131 0.328 G715 1 0931 1.128 0.055
Constant 3 -6.7 0.216 0.477 -0.658 ¢ 0916 1177 0.042
Ceefficient 1 -0.5 -0.401 -0.442 -0.4%6 0.099 0.058 0.004
Coefficient 2 -1.5 -1.466 -1.4638 -1.505 0.034 0.032 -0.005
Coefficient 3 0.2 (.149 0.142 0.191 -0.051 -0.058 -0.009
Coefficient 4 0.5 0.5%0 0.60% 0.483 0.090 0.109 -0.017
Coefficient 5 1.5 1.52¢ 1.510 1.503 0.029 0.0410 0.003

The first column contains the true parameters, which are constants (e,) or attribute
coefficients (8's) in the design. Not surprisingly, the MNL and Identity probit results

are similar, in terms of estimates of constants and coefficients, and thus their biases are

also similar. However, more interesting is the fact that their coefficient estimates ( 3's)

are very close to the true values, and in fact, are almost as close to the true values as the
MNP estimates despite the fact that MNP is the correct model for these data. This
finding is not a complete surprise since Horowitz (1980) previously noted that MNL
produces consistent estimates when errors are not IID. It is worth noting, however, that
the covariance matrix used in these simulations represents a severe departure from 11D
assumption. Importantly, there seems to be a consensus in the literature that MNL
estimates will be biased if the IID error assumption is violated, and it is also believed
that designs such as the ones used in this chapter will not efficiently estimate the true

model parameters (Dellaert et al. 1996; Vriens et al. 1998). Table 4.3 shows, however,
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that the difference between the two non-[ID models and MNP is in the constants
(ASC's). The coefficient estimates ( f's) produced by MNL are so close to those
recovered by MNP that if the objective of the study were only about estimating and
understanding the attribute trade-offs, there would be not much from estimating MNP
even if errors are not IID. Figures 4.2 and 4.3 illustrate this by graphing the true values

against the average parameter estimates of MNL and MNP respectively.

Figures 4.2 and 4.3: MNL and MNP avg,. estimates against true values (with 4>}

Estimates 27 R?*=0.9955 Estimates 2 R?=0.9999
1 4 1
: S . 0 .
-2 ; 0 Truevalles 2||-2 ) 0 Truevalues 2
) -2

a=ASCsand == f's

The graphs in Figures 4.2 and 4.3 allow one to visually assess the bias in the constants.
The fitted line used only the coefficients as data, and the R-squared value is a good
measure of how well MNL recovers the true £ values. It is worth noting that the R-
squared value for the MNP estimates vs. true values is only marginally better, which

supports the contention that MNL recovers the true parameters in this case.

In the case of predictive validity, however, the performance of MNL depends on how
much the true error structure differs from IID. Table 4.4 shows the average log

tikelihood at solution obtained for each model (GHK simulator was used in the case of
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MNP), which clearly indicates that MNP outperforms the other two models. Thus, MNP

produces more accurate within sample predictions.

Table 4.4: Average log likelihood at solution (generic coefficients with 3)

Average log likelihood 2t solution

MNL {dentity probit MNP

-1255.77 -1247.19 -1177.95

Comparing standard deviations is also important to fully assess the performance of
MNL in this case. Table 4.5 contains the average standard dewviations and t-ratios. As
explained earlier, standard deviations were rescaled using the same factor as applied to

the coefficients { 8 's) to facilitate comparisons.

Standard deviations for both IID models are somewhat smaller than those for MNP, but
a comparison of f-ratios may be more informative. Specifically, the large t-ratios (>10)
associated with the IID models are much too large compared to those associated with
MNP, although, the smaller t-values (<10) are similar for all three models. Practically
speaking, however, this suggests that the right conclusions would be reached based on
the IID models, as only already large t-ratios seem to be overestimated. That is,
attributes that are very important would be inferred to be even more important based on
the IID models. However, this is one simulation result, and more work is needed to
determine its generality. Finally, this case shows that constants (ASC's) are biased for

both IID models, so their t-ratios cannot be compared with those estimated from MINP.
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Table 4.5: Average standard deviations and t-ratios (generic coefficients with 45"3)

Average standard deviation Average t-ratios
Labels

MNL  Identity probit MNP MNL  Tdentity probit MNP

Constant | 0.207 8.204 0.145 0.93 041 3.60
Constant 2 0.232 0.225 0.108 0.57 146 3.61
Constant 3 0.247 0.237 0.195 0.88 2.01 337
Coefficient | 0.052 0.052 0.063 7.72 8.43 7.64
Coefficient 2 0.071 0.063 0.12] 20.6% 23.17 12.41
Coefficient 3 (4.052 0.651 6.053 2.87 2.78 3.61
Coefficient 4 0.053 0.053 6.051 11.15 11.6G 9.38
Coefficient5 | 0.076 0.067 0.122 20.21 22.70 12.31

On the whole, the resulis of this first case are encouraging because research in consumer
behaviour in marketing research applications often assumes generic coefficients. The
results suggest that if coefficients are generic, conclusions about trade-offs in consumer
preferences are invariant to assumptions placed on error terms. Thus, in this type of
applications, (e.g. Yeoh et al. 1998) predictions are of less interest, which offsets the
one major advantage of MNP. It is also interesting to note that in studies which compare
different types of experimental conditions, MNL models are often used to estimate a
common coefficient vector from all sets of data assuming that there are different error
variances for different data sources (e.g., Brazell and Louviere 1998; Brydon et al.
1999; Diener and Dellaert 1997; Louviere et al. 1993; Severin et al. 1999; Yeoh et al.
1998;). Failure to reject the null hypothesis when pooling sources of preference data
implies that differences in estimates can be attributed to differences in choice
consistency, not differences in means. Typically, such experiments assume that
constants can be allowed to differ but coefficients should be rescaled. The present
results suggest in contrast that the need to allow for different constants for each data

source may be a consequence of the fact that a more general error covariance matrix
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underlies each data set, and this error structure only impacts the constants. If it can be
shown to generalise, this finding also would explain why such studies demonstrate very
often stability in means, because if all MNL estimates were biased due to non-IID

errors, one would presume that stability would be rejected much more often.

Case B vs. F: Alternative-specific coefficients with a 4> design

We now consider a second and a priori less interesting case that examines the
implications of estimating the same models as before but for the case of alternative-

specific coefficients ( A 's) based on data devised from an experiment which a priori

should not be efficient for investigating this more general structure (4°7). We readily
admit that such a model analysis is not likely to be undertaken on purpose, but we can
imagine that researchers may be tempted to extract more information from the data in
situations in which there are limited resources available or initial results are unexpected.
Thus, we believe that 1 is of interest to evaluate how MNL or MNP would perform in
such a case. The results are in Tabie 4.3b, and summarised graphically in Figures 4.2b

and 4.3b for MNL and MNP,

Figure 4.2b and 4.3b: MNL and MNP avg. estimates against true values (with 4°)

Estimates 37 R2=0.9012 Estimates 27 R?=0.9903
2 - : .| 2
‘E T (3
[ ] / n
, 2 gl s > |
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2 .o

a=fB'sfaltl), "= f,'s (alt.2), »=p,'s (alt.3), x =AsCs
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Table 4.3b: Average parameter estimates and biases estimating assuming alternative-

specific coefficients with a 23

Average parameter estimates Average biases

Labels Truth L 1 ifg&? e L T g:g;‘ty .
Constant | -0.9 -0.353 -0.250 -0.502 0.547 0.650 0.398
Constant 2 -0.8 -0.149 0.073 -0.631 0.651 0.873 0.169
Constant 3 -0.7 0.371 G.7i8 -0.6033 1.071 1418 0.047
Coefficient 1 of alt! -0.5 -0.604 -0.595 -0.461 -0.104 -0.095 0.039
Cocfficient 1 of alt2 -0.5 -0.286 -0.369 -.624 0.214 0.131 -1124
Coefficient 1 of alt3 -0.5 -0.325 -0.332 -{.503 0.175 0.168 -(.003
Coefficient 2 of alt] -1.5 -1.617 -1.642 -1.308 -0.117 -0.142 0.192
Coefficient 2 of alt2 -1.5 -1.206 «1.304 -1.624 0.294 0.196 -0.124
Coefficient 2 of alt3 -1.5 -1.049 -1.063 -1.577 0.451 0.437 -0.077
Coefficient 3 of alt! 0.2 -0.199 -0.154 0.216 -0.399 -0.354 0.016
Coefficient 3 of ali2 0.2 0.366 0.343 0.191 G.166 0.143 -0.009
Coefficient 3 of al{3 0.2 0.310 G310 0.178 G¢.110 0.110 «0.022
Coefficient 4 of altl 0.5 0.760 G776 0.381 0.260 0.276 -0.119
Coefficient 4 of alt2 0.5 -(1.036 (.091 0.478 -0.536 -0.409 -0.022
Coefficient 4 of alt3 G.3 0.470 G416 0.485 -0.030 -(0.084 -0.015
Coefficien: 5 of alt] 1.5 1.879 1.843 1.285 0.37% 0.343 -0.215
Coefficient 5 of alt2 15 1.595 1.604 1.582 0.085 0.104 0.082
Coefficieat 5 of alt3 1.5 0.876 (.889 1.552 -0.624 -0.611 0.052

In this case, all models experience difficulty in estimating the true coefficients and
constants, including MNP, which places the correct assumption on the covariance
matrix. However, it is worth noting that MNP does a good job given the small
experiment (4°7) that was used. Indeed, it appears that this case exposes some
important issues from a design or data point of view, That is, claims that non-IID errors
produce biased estimates appear to be correct for this case, but again, this design would
not have been selected on purpose to estimate such an error structure, so the results are
still surprisingly good. It is likely that these biases arise because the attributes are not
orthogonal within- and between-alternatives in this case. It also seems clear that MNL

and Identity probit cannot recover the altermative-specific coefficients, and although
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MNP is better, it is not perfect. On the other hand, the results also suggest that

alternative-specific coefficients ( A 's) are affected in different proportions, but it may be
due to the design which is not efficient for alternative-specific estimates. Figures 4.2b
and 4.3b show that the coefficients belonging to an alternative seem to be affected
similarly (this is more for MNL), bui the constants (represented by small crosses),
appear to be more biased for MNL than MNP.

In conclusion, if alternative-specific coefficients are of interest, designs which

are only orthogonal within-alternatives should be used in conjunction with

MNP because MNF appears to produce more accurate estimaites than MNL

(or Identity probit).
However, although MNP estimates are better in this case, they do not appear to be
unbiased. An obvious question for future research is whether a larger initial fractional
design would reduce the bias in MNP significantly, or whether the bias observed is
larger for the shifted designs regardless of design size.

421-18

Case C vs. G: Alternative-specific coefficients with a design

We now investigate whether a better design, namely one which is orthogonal within-
and between-alternatives will perform better under the same conditions. Based on our
carlier results, it would seem that if a rescarcher only seeks generic coefficients,
between-alternatives orthogonality might be unnecessary. Nonetheless, it is worth
investigating whether ASC's associated with MNL might be unbiased or less biased if
attributes are orthogonal within- and between-alternatives. We briefly discuss this result

by considering Figures 4.2¢ and 4.3¢.
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Figure 4.2¢ and 4.3¢: MNL and MNP avg. estimates against true values (with 4°'%)
Estimates 2 7 R?=0.9995 Estimates 2 7 R2=1
1 4 14 -
- True values , 2 True values 5

-2 |
a=ASCsand »= f's

That 1s, the same conclusions apply as for the smaller design, namely that MNL
estimates the coefficients accurately but the constants (ASC's) are biased. Table 4.3¢
can be compared to Table 4.3 to see how within- and between-orthogonality improves

the model estimates.

Table 4.3c: Average parameter estimates and biases (generic coefficients with 42‘”8)
Average parameter estimate Average bias
Labels Truth
MNL  Identity probit MNP MNL  Identity probit MNP
Constant | -0.9 -0.35!1 -0.283 -0.901 0.549 2.617 -0.001
Constant 2 -0.8 0.01¢ 0.101 -0.806 0810 0.90! -0.006
Constant 3 -0.7 0.390 0.516 -0.689 | 1090 1.216 0.0l
Coefficient 1 0.5 -0.473 -0.465 -0.511 0.027 .035 -0.011
Coefficient 2 -1.5 -1.498 -1.493 -1.497 0.002 0.005 0.003
Coefficient 3 0.2 0.229 0.238 0.208 0.029 0.038 0.008
Coefficient 4 0.5 0.473 0.471 0.503 -0.027 -0.029 0.003
Coefficient 5 1.5 1.514 1.519 1.498 0.014 0.019 ~0.002

In the case of generic coefficients, between orthogonality does not seem to improve the
efficiency of the estimates by much, especially considering that 64 profiles are used for
this experiment. Thus, is there a significant gain in moving to designs that require many
more profiles (e.g., 4 times as many) when estimating generic coefficients? An
important issue, not vet discussed, concerns the estimated covariance matrix; that is,

MNP imposes a more general error structure, which must be estimated. Therefore, even
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if there are some gains in using MNP over MNL, it is important to investigate how well

can MNP ¢stimate the error covariance matrix for each experimental design.

As discussed previously, there is legitimate concern about whether the designs
considered in this research can estimate the clements of the covariance matrix
efficiently, especially for the small number of respondents assumed in these simulations
(100). Table 4.6 presents these estimates for both experiments assuming generic

coefficients.

Table 4.6: Average estimates of the covariance matrix assuming

generic coefficients

Average estimates of the covariance matrix
Labels True values
Using a 45‘3 design Using a 4> design

Stgma L1 1 T ]

Sigma 21 0.5 -0.428 -0.582
Sigma 22 2.5 2.962 2.901
Sigma 31 -1 -1.176 -1.109
Sigma 32 -25 -2.912 -2.831
Sigma 33 6 7.545 7.030

Although the estimates do not equal the true values, they are surprisingly close to the
true covariance elements. The results also suggest that between orthogonality may
increase the efficiency of the estimates of the covanance matrix; however, because there
are four times as many profiles in this design, the apparent increase in efficiency may be
due to sampling from a broader space in the design associated with the larger number of
combinations. Future research should address this more general question, but our results

suggest that for generic coefficients,
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MNP seems to provide a good representation of the covariance structure
even with small numbers of respondents and main effects only designs in

which attributes are only ovthogonal within-alternatives.

This is a very encouraging result because studies which can assume generic coefficients
may use MNP with less profiles than the popular between and within-orthogonality

design.

Case D vs. H: Alternative-specific coefficients with a 4°""® design

The last set of resuits concern the estimation of alternative-specific coefficients from
designs, which should allow them to be estimated because all attributes are orthogonal
within- and between-alternatives. However, as before, the design that we used does not
account for non-I1ID errors, and sc one should again expect to observe some bias. It is
therefore interesting to know whether the same conclusions as for generic coefficients
apply. Table 4.3d contains the average parameter estimates for the three models
considered, estimated from non-IID simulated data; Figures 4.1d and 4.2d present the

same results graphically.
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Table 4.3d: Average parameter estimates and biases estimating assuming alfernative-

specific coefficients with 15 variables from a 4448,
Average parameier estima;es Average biases
Labels Trath VL I f;on ;1 ltty VNP AL I i:gs ltty VNP

Constant | -0.9 -0.713 -0.623 -0.739 0.187 0.277 G141

Constant 2 -0.8 -0.142 -0.638 -.9i4 0.658 0.762 -1l

Constant 3 -0.7 0.841 0.859 -{.929 1541 1559 -.229
Coefficient | of alt] 1.5 -0.709 -0.656 -0.446 -0.209 -(.196 0.054
Coefficient 1 of ali2 -0.5 -0.434 -(.438 -0.515 0.066 0.062 -0.015
Coefficient 1 of alt3 4.5 -0.444 -0.421 -0.522 0.056 0.079 -0.022
Coefficient 2 of altl -1.5 -1.712 -1.720 -1.372 -0.212 -0.220 0.128
Coefficient 2 of alt2 -1.5 -1.412 -1.414 -1.508 {1088 0.086 -0.008
Coefficient 2 of alt3 -1.5 -1.204 -1.179 -1.585 (.296 0.321 -0.085
Coefficient 3 of altl 0.2 0.240 0.242 0.182 l (3.040 0.042 -0.018
Coefficient 3 of ale2 0.2 0.257 0.262 0.223 (0.057 0.062 0.023
Coefficient 3 of ale3 0.2 0.141 0.147 0.225 -0.059 -0.053 0.025
Coefficient 4 of altl 0.5 0.613 0.605 0.450 0.113 0.105 -0.050
Coefficient 4 of alt2 0.5 0.437 0.444 0.536 -0.063 -0.056 .036
Coefficient 4 of alt3 0.5 0.320 0.329 0.528 -0.180 -0.171 4.028
Coefficient 5 of alt] L5 1.781 1.793 1.374 0.281 0.293 -0.126
Coefficient 5 of alt2 1.5 1.445 1.439 1.500 -0.055 -0.061 0.000
Coefficient 5 of alt3 1.5 Lis7 I.161 1.615 -0.343 -0.339 0.116

Figures 4.1d and 4.2d: MNL and MNP avg. estimates against true values (with 4°7%)

Estimates 2 1R2 = 0.9703 Estimates 27 R =0.9958
1 * 14

— ¥

True values 2 True values

2

a=fB's(alt.l), 9= B,'s (alt.2), +=f,'s (ait.3), x =ASC’s
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The resulis suggest that faillure to take non-1ID errors into account in the estimations
seems to definitely impact the constants (ASC's); that is, MNL and Identity probit again
produce biased estimates of the ASC's. In the case of coefficients (5 's), this design
improves the MNL estimates (compared to Figure 4.1b for the smaller design), but does
not seem to improve MNP estimates much. Of course, previous results for MNP did not
show much bias, but one would expect to obtain better results from this more complex
experiment, especially for the ASC's. On the other hand, more coefficients were
cstimated due to the alternative-specific utility specifications (18 versus 8§ for generic),
and the data sets were small, but it is nonetheless surprising that between orthogonality
did not improve MNP estimates significantly more. MNL and Identity probit exhibit
once again a strange pattern for the ASC's for the different alternatives. A graph of these
estimates shows that coefficients specific to one alternative ( 8 's) can all be multiplied
by a constant to produce those of another alternative. This suggests that non-1ID errors
impact proportionally all #'s of a common alternative, and the proportionality is even
more evident in this experiment than the previous one. Consequently, if generic

coefficients are expected, and such proportionality between £ 's of different alternatives

is observed, it is likely due to non-lID errors. Significantly, MNP produces more
efficient estimates in this case, but it does not seem to retrieve the covariance structure

well, as shown by the results in Table 4.6b.
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Table 4.6b: Average estimates of the covariance matrix assuming

alternative specific coefficients

Average estimates of the covariance matrix
Labels True values using & 4 design using a 4*7"* design
Sigma 11 1 (fixed) I (fixed) 1 (fixed)
Sigma 2] 0.5 -(.359 -3.627
Sigma 22 25 8.661 4,310
Sigma 31 -1 -1.611 -1.240
Sigma 32 -2.5 -7.771 -4.874
Sigma 33 6 18.066 11.682

Although MNP produces better estimates of both #'s and ASC's, it does not estimate

the covariance matrix well. The covanance estimates have improved with the larger
design, but the true structure cannot be satisfactorily recovered when alternative-
specific coefficients are also estimated. As before, if a researcher did not know the true
structure, and it was MNP, she nonetheless would make the correct interpretation since
all the signs arc comrect. Once again, the cstimates and true values seem to be
proportional, behaving as if the structure could be approximated only up to a scale
factor. However, in this case the model is theoretically identified, although Keane
(1992) notes that the conditions under which it performs well are still unknown; hence
mvestigating different specifications from the data seems to be a good way to evaluate
when and what to estimate with MNP models. Finally, even though MNL seems to
perform differently for generic and alternative-specific utility specifications, observed
biases do not appear to be of consequence on the parameter interpretation; cspeciaily

since the error structure departed sharply from IID.
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45 Conclusions

This chapter investigated how IID models, such as MNL and MNP, perform with choice
experiments when non-IID errors are present. Two types of designs were considered
and generic as well as alternative-specific coefficient utility specifications were
examined. Results suggest that in the case of generic coefficients, attribute coefficients
(B 's} can be estimated efficienily with [ID medels even in the face of serious departure
from IID errors. In the latter case, only the ASC's were affected and biased, which in
turn, impacted the model predictions. Trade-offs can be well estimated without the need
for the more complex MNP models. However, MNP remains of strategic and practical
interest because it actually produced a close approximation of the covariance matrix.
This finding was interesting and important since it applied even to designs that were

only orthogonal within-alternatives.

For alternative-specific utility specifications, the conclusions were unfortunately
different. In this case, non-IID errors affected both the estimated constants and
coefficients of all models. MNP estimates exhibited much less bias in the coefficients
but could not recover the covariance matrix properly. The between orthogonality
property improved estimates of both MNL and Identity probit, but did net improve
MNP estimates much; however, the estimated elements of the covariance matrix were
closer to the true values for experiments that satisfied this property. These are somewhat
disappointing results for MNP, especially as MNP estimates were slightly biased for the
experiment which should provide rich estimation data. One needs to ask how well
models that assume even morc complex error structures and/or utility specifications

would perform. At the moment, estimation procedures scem to be ahead of experimental
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design theory (at least in a choice context) and understanding how well model
estimation procedures perform is related to understanding the requirements that need to
be satisfied in data. Thus, it would seem that considerably more research such as that
conducted in this chapter is needed to define how, when and where one can expect
models to perform on particular types of experiments. Extensions of our research could
include the investigations of other model forms such as nested logit and mixed logit
models, the effect of heterogeneity and estimation of attribute interactions on the choice

of these model forms and experimental designs.

Design researchers try to develop better designs that improves the precision of estimated
parameters and allow more interesting and complex models such as MNP to be tested.
Our results suggest that work remains to be done in this context. On the positive side,
however, our results also suggest that under certain circumstances, current experimental
design techniques may actually allow one to estimate more complex model structures

than previously believed, but unfortunately, this is not true under all conditions.
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Chapter 5

Combining Consideration And Choice Data In

Hierarchical Models With Covariance Element Selection

Abstract

This chapter presents a new method for carrying out Bayesian inference in a two level
hierarchical brand choice model, which allows for a parsimonious representation of both
the error and attribute parameter covariance matrices. The size of the covariance matrix
increases quadratically with the number of attributes, thus this approach is particularly
relevant when dealing with large number of attributes. The first level combines
consideration and choice data while the second models consumer heterogeneity. The
hierarchical levels are assumed to be normally distributed, which leads to two
covariance matrices, and element selection is performed on a decomposition of these
matrices to estimate a more parsimonious structure. The assumption of normally
distributed latent indirect utilities implies that the first level of the hierarchy is
multinomial probit whereas multinomial logit model is used by most of the literature.
Estimating a multinomial probit model involves drawing from truncated normal

distributions, but makes it easier to exploit a richer preference structure. For example,
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one can take advantage of infonmation provided in consideration sets as illustrated in the
empirical application in this chapter. Finally, the method provides a way to account for
missing information (at random) optimally to model respondents who fail to state
preferences in some choice sets. The method is demonstrated empirically by combining
choice and consideration information using a Markov Chain Monte Carlo sampling

scheme in association with model averaging to estimate model parameters.

5.1 Introduction

Marketers have long been interested in understanding differences between consumers
(Smith 1956; Claycamp, Massy 1968; Frank, Massy and Wind 1972; Wind, Yorman
1978; Alderson 1983; Eirod and Keane 1995; Wedel and Kamakura 1998). The ability
to assess individual preferences is of primary interest to develop, target and promote
more appropriate products that (hopefully) also will be more successful. For those
reasons, various methods have been developed to model consumer heterogeneity. Early
choice models like the Guadagni and Little (1983) multinomial logit (MNL) model
attempted to capture heterogeneity in the population by including demographics as
independent variables. These types of model specifications parameterise the alternative
specific constants (ASC's) as a function of individual characteristics; and including
interactions between demographics and other covariates (such as price) allows one to
estimate models that not only provide individual predictions but also individual level
parameters. However, such models heavily depend on the quality and relevance of the
demographic or psychographic information that only partially account for heterogeneity

but do not model it per se.
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One way to address this issue is to estimate a set of coefficients for each individual (a
fixed effects model), but there rarely is sufficient data available to allow one to estimate
such models. Another approach is to estimate only the distribution of the heterogeneity;
this distribution is usually referred to as a mixing distribution, which was approximated
initially by using a discrete number of mass points (e.g., Kamakura and Russell 1989).
A more general approach is to estimate the moments of an assumed continuous, joint
multivariate distribution of heterogeneity (e.g., Chintagunta, Jain and Vilcassim 1991).
Specifically, conditional on each respondent’s parameters, one can assume the model to
be logit or probit, but individual parameters are unknown and so must be integrated out

of the model by making an assumption about their distribution.

The Kamakura and Russell (1989) mixture regression model approach is fast and easy
to estimate, and is compatible with the concept of market segmentation. However, one
computational issue is the fact that multiple optima may be obtained; hence, to be
confident that the global and not a local optimum solution is attained, models need to be
estimated a number of times with different starting values. The latter is a minor
limitation of the approach because the method produces results quickly. Mixture
regression is a discrete approach to heterogeneity because it assumes that each segment
is a homogeneous sub-population (Wedel and Kamakura 1998 reviewed these methods).
Such segments are very appealing managerially, which probably is one reason why they
have been widely applied in marketing. The main advantage of uncovering segments is
that it allows firms to infroduce product lines customised to specific groups of

consumers. Each segment may be targeted with either a variant of the main product or a
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specific marketing program. However, despite its obvious managerial and behavioural
appeal, this modeling approach does not completely account for heterogeneity because

it is a discrete approximation to a potentially continuouns problem.

Thus, the reality of homogeneous segments can be questioned, which suggests that one
should consider approaches that can estimate continuous distributions of parameters
(e.g., Allenby, Arora and Ginter 1998; Allenby and Rossi 1999). Such approaches are

33

variously termed “random coefficients,” “mixed logit” {or probit) and/or “hierarchical

logit” {or probit), depending on the error assumptions and computational methods

EE AT

involved. The terms “random coefficients,” “mixed or heterogeneous logit” models are
typically used by frequentists, whercas Bayesians refer to them as “hierarchical
models”. The objective of both approaches is to estimate moments such as means and
variances of heterogeneity distributions (sometimes called “hyper-parameters”). The
assumption of a continuous distribution has the advantage of being able to account for a
perfectly heterogenous population; hence extreme behaviours can be better represented
than with mixture models (Allenby and Ginter 1995). Another advantage is that
individual level parameters can be obtained (See Rossi and Allenby, 1993 for a pure
Bayesian version; and Revelt and Train, 1999 for a maximum likelihood version).
However, a potential drawback is that one has to make a distributional assumption,
which is most frequently the multivariate normal (but frequentists also use the
lognormal — see, e.g. McFadden and Train, 2000). However, it is worth noting that

mixture models can be viewed as a non-paramectric approach because they do not

require a priori distributional assumptions.
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The foregoing suggests that continuous distributions should produce more precise
market simulators than discrete approximations (Allenby, Arora and Ginter 1998),
although many companies cannot afford to customise products for each customer. Firms
that cannot personalise products should benefit less from individual parameters, and
instead would have to find optimal numbers of product variants or develop marketing
programs based on: (1) the heterogeneity in the population, and (2) the costs and
benefits of targeting a specific number of segments. This suggests that such firms would
benefit from discretisation of heterogeneity; which mixture models achieve directly (but
to date, none have been proposed that also take profitability into account). Thus, like
most modeling methods, discrete and continuous approaches to model heterogeneity

cach have their advantages and disadvantages.

The model proposed in this chapter assumes a continuous distribution of heterogeneity.
As noted above, both Bayesian and frequentist methods may be used to estimate such
models. On the one hand, classical methods must integrate over the individual
parameters and simulate the probabilities in order to evaluate and maximise the
likelihood. On the other hand, Bayesian techniques need to draw from the conditional
distribution of all parameters; and depending on the error assumptions, this distribution
may be unknown and may require the Metropolis-Hastings (MH) algorithm (Allenby
and Ginter 1993). Both approaches seem to compare favourably with one another, so as
noted by Revelt and Train (1999), choice of method is mostly a case of which one

makes a researcher feel more comfortable.
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The method proposed in this chapter is Bayesian. It addresses the problem of
parsimony, which is specific to the assumption of a continuous distribution and
becomes increasingly relevant as numbers of variables increase. Effectively, a

multivariate normal distribution involves the estimation of a covariance matrix, which

contains K (K +1)/ 2 parameters (K = the number of covariates in the model); that is,

as the number of variables reaches 30, 465 elements have to be estimated.

To address this issue, we propose a selection procedure, the objective of which is to
reduce the number of estimates to obtain a more parsimonious representation of
heterogeneity. For example, one way to reduce the number of elements is to estimate a
diagonal covariance matrix, which might be considered adequate from a statistical point
of view. However, if segments exist (homogeneous or not) this is likely to lead to a non-
zero correlation structure; an example of this i1s a market that exhibits two distinct
groups of customers; one highly sensitive to price and insensitive to service and the
other exactly the reverse. In the latter case, if one models heterogeneity as a continuous
distribution, one should uncover a correlation between price and service because as
customers’ sensitivity to price decreascs, their sensitivity to service increases. This
implies that there would be non-zero off diagonal elements in the covariance matrix and
a diagonal structure would represent a constraint. Thus, consistent with this line of
reasoning, the main contribution of this research is the application of a selection
procedure to model heterogeneity by selecting and estimating the relevant off-diagonal

elements of the covariance matrix.
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In designed choice experiments, respondents typically are asked to evaluate a set of
options and choose the one they prefer or the one they would buy. Given this choice
information and assuming that Random Utility Theory applies, one can estimate the
respondents’ indirect utilities {(e.g., by estimating MNL or MNP models). An advantage
of this choice elicitation procedure is that it minimises respondents’ cognitive burden,
and it simulates the types of decisions that they make in everyday life. Unfortunately,
however, observing only a respondent’s most preferred option ignores the potential for
obtaining additional information from other responses. For example, traditional conjoint
experiments typically ask respondents to rate options on category rating scales, which
would seem to provide more in-depth information than discrete choices. However, the
quality and validity of such scales have been questioned (e.g. Louviere, Hensher and
Swait 2000) because of the assumptions made about human cognitive abilities to

produce metric data in a reliable and valid marmer.

The latter point also was made by Chapman and Staelin (1982) among others, who
asked their respondents fo rank all options. Ranking responses require less restrictive
assumptions about human ability than ratings because one needs only assume ordinality
of responses, and rankings provide more information than discrete choices. Moreover,
Beggs, Cardel and Hausman (1981) demonstrated that if the errors were distributed as
extreme value type I random variates, the indirect utility distribution associated with the
preferred option is independent of the ranking of the other options. Thus, the probability
of a specific ranking of options can be written as a product of conditional probabilities,
which allows one to exploit rankings to obtain a ranking utility model. For example,

suppose that three alternatives a,b,c were ranked as follows: a>b-c¢ (where =
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means preferred to); hence, the probability p(a = b >-c) equals the product of the

following multinomial logit probabilities (assuming extreme value type I errors):

pla=b>c)=pla>barc)p{b>c),
where p(a >b > c) is the probability that « is the preferred option and 4 is second

best. Chapman and Staelin (1982) also used this property to exploit rank ordered choice
sets; more recently, Layton and Lee (1998) extended their method to account for tigs,

which allows ratings to be treated as ordinal measures rather than interval scales.

It 1s worth noting that the Beggs et al.’s (1981) result does not imply that other
distributions like the normal will not produce a random utility model. Their result only
implies that assuming extreme value type I distributed errors makes it easy to compute
the probability of a ranked choice set. Indeed, they noted that the normal also could be
considered, but evaluation of the probabilities would be computationally challenging
because the choice probabilities do not have a closed form expression. Hajivassiliou and
Ruud (1994) demonstrated how to estimate such a model with standard approximation
methods when the number of alternatives is small (J <4), or by using the GHK
simulator for larger numbers of alternatives {(e.g., see Geweke 1991; Hajivassiliou and
Ruud 1994; Keane 1994). In a related vein, Hajivassiliou and Ruud (1954, p. 2410)
noted that: “The rank ordering yiclds considerably more information about the
underlying preference parameters than the simpler, highest-ranked-alternative response.

Hence, consumer survey designers often prefer to ask for complete rankings.”
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The preceding discussion suggests that obtaining other preference information in
addition to discrete choices should prove valuable in choice modeling. Consequently,
the Bayesian modeling approach proposed later in this chapter illustrates how additional
information {e.g., a complete ranking) can be incorporated in a hierarchical model.
Specifically, by assuming normally distributed indirect utilities, Bayesian methods can
easily deal with additional preference response data. Of course, the previous discussion
suggests that additional preference information can be obtained by observing a complete
ranking; however, this approach is not without limitations: (1) ranking tasks increase in
difficulty as numbers of alternatives increase; (2) each rank increases parameter
estimation efficiency, but at a decreasing rate, as noted by Chapman and Staelin (1982),
who suggested that an explosion depth of more than three probably would not be
beneficial. Similarly, Ben-Akiva, Morrikawa, Shiroishi (1991) found that response

reliability decreased with increasing rank.

Swait and Louviere (1993) proposed another way to obtain additional preference
information by exploiting the extra information in consideration response data with
standard MINL models. Compared with rankings, consideration elicitation procedures
have the advantage that they can be used with larger choice sets and still provide
valuable information. Considered options may be assumed to be preferred to non-
considered ones, which information can be used to obtain more precise parameter
estimates. For example, section 5.4 discusses an application in which subjects were
asked to reveal not only the option they like best but also those they would consider.
The model and estimation procedure proposed use this extra information to estimate

individual preferences by selecting a parsimonious covariance structure and accounting
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for non-IID errors in the indirect utilitics. The selection process is data driven and
allows the model to converge to an IID structure with a diagonal covariance matrix to

model heterogeneity if supported.

The rest of the chapter is organised as follows. Section 5.2 reviews hierarchical models
in more detail. Section 5.3 presents the sampling scheme of the proposed method, which

is empirically tested in Section 5.4. Conclusions end the chapter.

5.2  Hierarchical models

This section discusses two-level hierarchical models in more detail and introduces the
selection procedure proposed in this research. It should be noted that hierarchical
models are well-known in the Bayesian literature and have been applied in conjunction
with continuous dependent variables (Lindley and Smith 1972) as well as with discrete
dependent variables using data augmentation (e.g. Albert and Chib 1993) or the
Metropolis Hasting algorithm (e.g. Allenby and Ginter 1995). The proposed model is
typical of many marketing applications in that the first level of the hierarchy models
individual preferences as a function of covariates. This level assumes a normally
distributed stochastic component, and can estimate a full covariance matrix (Z)

equivalent to MNP.
The second level of the hierarchy, which models individual level taste parameters as a

function of variables that characterise respondents, also assumes normally distributed

errors, which in turn introduces a second variance covariance matrix ( Q). This second
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covariance matrix provides information about differences in individual parameters; for
example, large variances suggest that preferences for a particular attribute may differ
considerably from one individual to another, whereas a small variance demonstrates
more agreement between individuals. In the Iatter case, the population can be said to be

homogeneous with respect to that attribute.

Non-zero covariances reveal patterns of differences in individual preferences; for
example, respondents who are less sensitive to price may be more sensitive to quality
and vice versa, which would lead to non-zero covariance elements. Although non-zero
elements seem likely, it also may be that some should be zero. Moreover, even if the
true model has a full covariance structure, the large number of parameters involved and
the limited amount of information in choice data would make it difficult to obtain

precise estimates (Keane 1992 discusses “parameter fragility” in MNP models).

Thus, Elrod and Keane (1995) proposed a factor-analytic probit structure that reduces
the number of estimated elements. For similar reasons, the objective of the proposed
approach also is to reduce the number of elements to be estimated. However, the
Bayesian selection procedure used should achieve better resolution because it does not
impose a specific number of factors on the covariance matrix. A small number of
clements is estimated oaly if the data support this simplification. When a full structure
should be employed the procedure aims to select all elements and estimate the complete
variance covariance matrix. Also if the data are not rich enough to reveal the importance

of some elements the method should simply not select them.
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The propesed model is as follows:

U, =x,p +&,

B =Tz +u,

where i=1to N indexes individuals, j=1to ./ indexes alternatives,
U, represents a latent indirect utility for alternative j associated with
individual 7,
x; is a vector of K covariates, which describe alternative ;j for individual ¢,
B, is avector of K coefficients for individual i,
g, represents a normally distributed error N ((}, )3) .
z, is a vector of L covariates characterising individual i,

I" isa (K x L) matrix of coefficients relating 8, with z,,

A, represents an error assumed to be normally distributed N ( 0, Q) .

From a modeling perspective, the first difficulty is that, although subject’s choices are
known, the indirect utilities U, remain unobserved. However, in a random utility
model, respondents are assumed to select the option that maximises their utility and y,

can therefore be defined as follows:
yy=11fU; >U, forany k # j

y; =0 otherwise.

Random Utility Theory was first proposed by Thurstone (1927) to explain dominance
judgements between pairs of options; that is, consumers should try to choose the option
they prefer, subject to constraints such as price and income. Standard economic theory
supposes that goods provide individuals with some value referred to as wtility, which is

a function of a basket of goods. Any basket of goods can be associated with a specific
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utility, which is further defined as a direct wtility. Consumers are assumed to trade-off
the dircct utility of a good {or a basket of goods) with its price, accounting for their
budget consiraint (income). The consumers’ objective is to make decisions that
maximise their utility. Typically, consumers are assumed to reach different maxima
depending on the pricing structure and their level of income. The equation
characterising all maxima (as a function of price and income) is termed the indirect
utility function; that is, indirect ufilities are the solutions of an optimisation process
undertaken by each consumer. From the researcher’s position, a consumer may not
choose what looks like the best option; however, this discrepancy between researchers

and respondents can be accounted for by adding a random component to the atility

function. Thus, consumers’ utilities consist of a systematic compenent x;f3;, known to
the researcher, and a random component &,, known to the respondent only. The

Justification for the random component is that the researcher may not specify the model

accurately (omitted variables) or may err in measuring the responses.

As noted earlier, frequentists call the above model an MNP model with heterogeneity
(e.g., McFadden and Train 2000), and estimate the full covariance structure discussed or
assume a simplified error structure {(for example, assuming a diagonal covanance
matrix). In the next section, we present the sampling scheme used to estimate this model
with Markov Chain Monte Carlo methods assuming a data driven selection process on

the elements of the covariance matrix to obtain a more parsimonious model.
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5.3  Sampling Scheme

The standard sampling scheme corresponding to the model proposed in section 5.2

involves drawing from the following distributions:

1. x(U,| B, X), where U, is a vector containing all U, for respondent i.
2. 7(B.|U,L,T,Q)

3. 7{T| 5,.%)

4 =(Z|U,.B)

5. m{(Q| BT

However, the approach proposed in this chapter also considers selecting elements of
both covariance matrices. Thus, the full sampling scheme includes additional binary
latent variables that specify more or less complex covariance matrices at any given
iteration. This is discussed later in this section with the sampling of the covariance
mairices X and . We now consider in more detail the sampling of the distributions in

steps 1. to 5. above.

The first distnbution U, | £,,% is a truncated multivariate normal. This distribution is

very interesting because the observed discrete outcome (we only observe which option
has been selected) has an underlying continuous latent distribution. This draw
corresponds to & data augmentation (i.e. Tanner and Wong 1987) approach proposed by

Albert and Chib (1993) to simplify the analysis of discrete response models (see also
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Chapter 3). They show how augmenting the problem by drawing what is referred to in
this chapter as the (indirect) utilities, simplifies the evaluation of all other conditional
distributions. In a binary setting, drawing the utilities is straightforward in that the
utilities associated with the preferred option can be drawn from a normal distribution

truncated above zero with the other utilities truncated below zero.

Unfortunately, the model presented in this chapter involves more than a binary
selection, and multinomial responses present an additional difficulty because the
truncated distribution becomes multivanate, However, a draw from this distribution can
be obtained by sampling from a series of univariate distributions (McCulloch and Rossi

1994; Hajivassiliou and Ruud 1994; Hajivassiliou and McFadden 1998). The idea is to

draw each utility U, conditional on all others (U; with j# k); in that way the utility

corresponding to a selected alternative can be drawn from a normal distribution
truncated above the maximum of all non-selected utilities. Similarly, for non-selected

alternatives, utilities are truncated below the utility of the selected option.

If more information is known, such as a complete ranking, this procedure does not
become more complex. For example, the utility of the first ranked option is truncated
above the second ranked option, which in turn is truncated below the first but above the
third ranked option. This process continues until a utility has been drawn for each
ranked option. Drawing in tum from these univariate distributions yields a Gibbs
sampler (Casella and George 1992 discuss the Gibbs sampler in detail) that converges to
the truncated multivariate distribution. Note that if two alternatives are ranked first, each

utility is truncated above the utility of the next ranked option.
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The above example used a rank ordering of options to facilitate exposition of the
process, but the utilities corresponding to any sort of rank information can be sampled
in the same way. In the empirical application considered in section 5.4, the utilities are
drawn so as to respect the order implied by the consideration data and the preferred
choice; that is, the utilitics of all considered options must be larger than the utilities of

non-considered options and the utility of the preferred option must be the largest.

The second distribution can be sampled as follows:

(UL LT, Q) (U | B,Z.1,Q) 7 (B 1T.Q)

7(B|U,ZT, Q) exp[—%z(Ua —Xﬂﬁt.)' = (U, —X,.,ﬁ,.)}zr(ﬁ,. IT,0Q)

i

where the summation is over /,

! indexes each observation {choice sets) for respondent / and

ﬁ(ﬂ.jr,ﬁ)ocexp[—%(ﬁf—rzi)' O (ﬁ,«rzi))

Thus,
w(810,2.9) o -3 A)V3 (- )

where §, =V i(z X2, + Q“rzf) and V' = ZX;,E“XH +Q1,
H I

Asaresult, 8, |U,

5»2,[,Q is normally distributed with mean B, and variance 7.

The third distribution to be sampled is another multivariate normal.
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z(T|B,Q)x GXP(““;“Z(/B;' wfzi)f Q' (B —I_‘Zl-)JR'(r).

Using the following property vec(Ab)=(b'®I}vec(A), where A is a matrix and b a

veclor of appropriate dimension, we can write:

z(F!ﬁ Q)ocexp[ Z( -(z ®I)vec(f))£2 Z( z ®I vec(F)))ﬂ(T),

We define y = vec(I'), and have

2718 9) = exn( 507V (7))
where ¥ = I/;Z(z,f@}f)’ QB

=¥ (2RI Q' (z®1)=Y 780" .}

Therefore, if a normal distribution is assumed for ¥ such as N (y“, Vy;l) then ¥|A,Q

-1
can be sampled from a normal distribution with mean (If; +Vr°) (;T/"+ V?a?ﬂ) and

varlance Vy + Vyu .

We now turn to the fourth and fifth distributions, To sample ¥ and Q we use a

decomposition and sample on the decomposed elements. That is, we set = = B'DB
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and Q' =G'HG, where B and G are lower triangular matrices with all diagonal
elements equal to 1, while D and H are diagonal matrices. Smith and Kohn (1999)
used this decomposition of the inverse of a covariance matrix to estimate seemingly
unrelated regression models and the method was applied to MNP models in Chapter 3 to
impose the identification restrictions that such models require. It should be noted that
this model requires further identification restrictions, but for the moment these are
ignored to simplify the exposition, because the method proposed for sampling the

conditional distributions of B and D) can be applied readily to G and H , respectively.

We first consider drawing the diagonal elements d,,...,d, of D. Given the individual

parameters f3; the likelihood is:

z{U|B,D,B) | BDB|"" exp(—% Z E;B’DngJ (5.1)
Jjoi

thus,

7 (U1 B D,B) [ ]4," exp(--;-erAB'D), (5.2)

;?r(dg | ﬂ,-,U,B) o :[_Id,‘N”'2 €xp (—-;— trBAB’D)p(di | B)
because det(B)=1. In (5.2), the matrix A= > &:&,, U is a vector containing all
i

U,’s and N, represents the total number of choice sets.

' Because (z/®1) T (z/®1)=(z®1) (1®02")(z®17) and (4® B)(C® D)= AC® BD if AC and
BD exist (Magnus and Neudecker 1988 page 28).
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Therefore, up to a prior p(d,|B), d,,...,d, have independent gamma distributions. If
the prior density of d, is Gamma(df/cﬁ,l/cd{.), then z(d,|U,B,B) is
Galnma(NJ/2+1~+~df/cdi, C,.,./2+}/cdi) where C, = BAB' and ¢, is a positive scalar.

This choice of prior 18 motivated by the result in Chapter 3 suggesting that the prior

variance of the d; elements needs to be moderately tight in MNP models. Although

simulations suggest that this has little impact on the posterior distribution of the
parameters with well identified data, it i1s theoretically the case that if the mean prior is
not particularly well centered (with the posterior mean of the likelihood), a tight prior

variance will impact the posterior estimates.

Diffuse priors typically reflect ignorance of the posteriors a priori and ensure that the
mean priors have no bearing on the posterior means. For mean priors to have little
impact but still impose a moderately tight prior variance, the priors are updated or re-
centered after a few iterations. This approach has the advantage that it can be easily
implemented and works well in sirmulations (not reported here). Nevertheless, the prior
vartances should not be too tight, otherwise it will be reflected in the posterior
variances. In summary, this extra step may slow down the convergence process when
starting from badly chosen mean priors, but once the latter are updated and centered, it

ensures that the priors have no impact on the posteriors.

The prior mean equals d (i.e, d; =d}/c,/l/c,) and the prior variance equals c,d?

ie, c,d =d[c;/Y/c.). Therefore, setting ¢, =5, for example, reflects a prior
f: ('} i di di g di p
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variance 5 times as large as the mean prior, and so once convergence is achieved this

choice of prior has little impact.

To complete the sampling of the covariance matrix we need to consider the conditional

distribution of B . Following Chapter 3, we partition the matrices B and A as follows:

—
_—

'
[}
U
!

_— D
B - S e T )

where b, are vectors (i~1)x1, 4 and g, are dimensioned conformably as

(i—1)x(i—1) and (—1)x1. Using this notation, we have from (5.2),

J
a(b,....b,\U,D, )« Hexp[—-é—d{(b;,tiibi + 2b,.a,.)) 7(B|D).
i=1
It is clear now that up to the prior #(8|D), the vectors &,,...,5, are independent and
Gaussian. Hence, if the 5, are normal and independent a priori with b, ~ N (Q.O,I/;;f),

then (5, |U, B, D) is N(b,V;; ), with ¥} = 4d, +V,, and b, =V, (ad, -V, .b7).

It is straightforward to find similar distributions for G and H because the conditional

distribution of B, given I', G and #,

7(BI1,H,G) | GHG|"" exp[—%Zin'HGp,],

is an expression equivalent to (5.1).
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Contrary to X, €} can be sampled without constraint. In the case of X, there are two
identification issues because the U,’s are unobserved. Specifically, a linear
transformation (with a positive slope) of the utilities leaves the ordering, and thus the
choices, unaffected and produces an identical model specification. The model can be
identified by fixing one alternative (referred to as the base) to ensure that adding a
constant will no longer preserve the ordering. Furthermore, the variance of another
altemnative needs to be fixed to ensure that multiplying the utilities by a positive
constant leads to a different model. The sampling can easily accommodate both

restrictions by setting 4, =1 and b, =0.

If a diagonal covariance matrix is estimated, which simply means setting all b, to zero,
d; can be estimated but cannot be if one samples a full covariance matrix (see Bunch
1991). Therefore, in accord with Chapter 3, we first estimate a diagonal structure to
obtain an estimate of 4, and set d, to this estimate to see if more covariance elements

should be selected, using an element selection procedure. Consequently, if the data do
not support any covariance elements (i.e. they all equal zero), the approach should

retrieve this structure and set all elements of the B matrix to zero.

Sampling Q is facilitated because no identification issue arises. Note that if only one
choice set were administered to each respondent this would not be true because %
would be perfectly confounded with the first rows and columns of €. In such a case =

should be set to the identity and Q,, =1. Typical choice experiments obtain responses to
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multiple choice sets, so the restriction does not apply but ¥ can be expected to be

weakly identified if the number of choice sets administered to each respondent is low.

Distributions 4. and 5. introduce two indicator variables 1, and 7, that indjcate the

elements of B and G that should be selected and estimated. The selection mechanism
operates by calculating the probability that each element of B and G differs from zero.
At each iteration, the values of the indicators are drawn according to the probability of

their associated element being zero. The states of the binary variables then specify the

elements of B and G to estimate. B; and G, are now indexed by A; and 7, to reflect

this dependence.

To compute the probability that an element of B, equals zero, we set the following
prior density for &, | D,4, to N (bii,cb‘. (4,4, )']) , where ¢,; is a positive scalar, which

makes the prior tighter (or looser) around the mean prior.

By integrating b, out, we have:

w4 U, B Yo d B g, exp(—l/Z (o, —raj, 4, 'a,; —a;&b&q)df)

where r=c¢, /(1+c,), =1/(1+c,) and

¢, represents the number of selected elements in &, .
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Thus, zr(/li. U ,ﬁf) is gamma distributed in ¢, and this expression can be used to draw
d, unconditional on 5, , which may improve the convergence properties of the sampler

in some cases.

It is now possible to integrate out d; as a gamma integral:

(41U, B) r((”)*rwz" 4, & (I/z(ai - ra:)l,Ai/‘L,—_]aiA, ~ay by n)+1/e, )_W

where ¢ =(N, -q,)/2+d] [c, .

This probability does not depend on ¥ and can be evaluated up to a constant of

proportionality for both states of the binary variable /; (i.e., the element b, included

and excluded from the sampling scheme), and computed exactly via normalization (their

sum must equal 1). An identical development is obtained for the elements of G, , which

completes the sampling scheme.
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5.4  Empirical Illustration

The application examined in the present research considers different offerings of
financial services; more specifically, the objective is to investigate consumer preference
trade-offs for various services related to a particular type of account. The data used in
the empirical example were collected as part of a larger research project funded by a
grant from NCR’s Knowledge Lab to Professor Jordan Louviere at the University of
Sydney. In accordance with agreements with the Knowledge Lab, the actual nature of
the product category is disguised, but can be revealed to be a type of financial services
account. The attributes and levels considered as well as the experimental design are for
the most part hidden but a discussion of the choice task is provided in the next

paragraphs, after which the estimation results follow.

The Choice Experiment

The choice experiment manipulated 26 attributes, 17 with 4 levels and 9 with 2 levels.
Among the latter 9 attributes, 5 applied only to large and moderately-large institutions.
A more complete description of the attributes and levels is provided in Table 5.1; rows
represent attributes that describe financial institutions and questions asked in each
choice set. Columns depict types of institutions (e.g., large, moderately-large, small and
non-traditional). Table 5.1 shows the number of levels used for each attribute; the 2-
level aitributes are lightly shaded. Prime interest rate varied over 4 levels, and all
interest rates shown to respondents were deviations from the prime. A new account
feature that was not available at the time but that potentially would allow more

convenient access to account services also was included; it is listed in the table as
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"Convenience Feature". Additionally, four brands of institutions were varied under each

institution type, but version of the survey presented only one brand under each type.

The choice experiment was designed using the method discussed by Louviere and
Woodworth (1983) in which the attributes of all choice alternatives arc treated as a
collective factorial and a main effects design is selected in such a way that attribute
columns are orthogonal within- and between-alternatives. As previously indicated, this
design can therefore be expressed a 16x 4% x2°° factorial; the main effects design was
constructed from a 16'”" fractional factorial that generates 256 choice sets. Basing the
design on 16-level columns allowed it to be blocked into 16 versions of 16 choice sets.
Most 16-level columns were transformed into orthogonal main effects designs based on
the 4> factorial; some of which were in turn transformed into three 2 level columns

(see Dey and Mukerjee 1999). This design process is illustrated in Figure 5.1.

Figure 5.1: Use of the 17 attribute columns with 16 levels

16 Ievels 4 levels 2 levels Used
16 levels 17 1

4 levels |—> 80 65
2 levels i—b 45 26

A balanced incomplete block design (BIBD) also was used to assign four brands to ¢ach

institution type in each of the 16 versions.

112



Chapter & Combining Consideration And Choice Data

Table 5.1 Description of choice set from the financial study

T&ygfgoaﬁ?ﬁ?te(hiddw) o Large, | Moderate- | o Ly Nan-

Version #1,...,16 u;:g;;i:g;al 13?5:&1%2231" institution :::;(:1!:111?:::

Prime Interest rate: PIT %, PI2 %, PI3 %, P4 % i . :

Name of the financial institation 1,2,34 1,2,34 1,2,3.4 1,2,3,4

Hidden attribute $A 3B $C D
Aceount Type A

Monthly account fee $A B 3C D

Fee to take money out A $B $C 5D

Fee to put money in $A B X84 3D

Annual interest paid on account balance Prime -A% Prime -B% Prime -C% Prime -D%
Acconnt Type B

Monthly account fee $A $B 3 3G

Fee to take money out A $B 3 D

Fee to put meney in A B 3 D

Annual interest paid on account balance Prime -A% | Prime—B% | PrimeC% | Prime-D%

Transferring between accounts

Fee to transfer to another account in your own institution 3A B $A $B

Fee to transfer to an account in another institution $A iB 3A B
Line of credit

Fee to include a line of credit A B A B

Link to credit card (CC)

Annual fee A B $C $B

Annual interest Prime -A% | Prime -B% | Prime -C% | Prime.-D%

Loyalty scheme — associated with airlines None Altline 1 Airtine 2 Airline 3

Internet access (IA)
Fee to use Internet access for services type 1 $A B £C b4
Fee to use Internet access for services type 2 $A 5B $C b
Telephone access (TA)
Fee to use telephone access for services type | %A B $C D
Fee t0 use telephone access for services type 2 $A 5B $C $D
Convenience features (CF) Level 1 Level 2 N/A NiA
Attribute (hidden) Level 1 Level 2 N/A N/A
Atiribute (hidden) Level 1 Level 2 N/A N/A
Locations where you can deal in person (LP)

Nearest fuil-service office Levellor2 | Levellor2 | Levellor2 | Levellor2

Retailer type Retailer 1 Retailer 2 N/A N/A

Retailer type 2 Retailer 1 Retailer 2 Ni& N/A

Which accounts would you seriously consider if you had to

switch today for whatever reason? ¥ AS MANY boxes as apply. 0 O a g

If you had to switch your account today for whatever reason and o o a a

the five options on the right were your only options, which would

you choose? & ONLY ONE bex. O I'd use X

If your current aceount or the four accounts on the right were o g o { o | o

your only options, which of the following would you most likely

choose, ONLY ONE box. O ’d keep my current account & not switch
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Table 5.1 shows that respondents were asked to state the following in each choice set
(1) which institutions(s) they would seriously consider, (2) their preferred option among
the four institutions presented or a constant option and, (3) their preferred option among

the four offered institutions and their current account.

Surveys were administered to a éample of 370 students enrolled in an American
university. Each student was randomly assigned to one of the 16 survey versions. It is
worth noting that an advantage of asking more than one question in each choice set is
that it allows one to check response validity. For example, respondents who state they
would switch from their current account to one of the proposed options should not
choose the “I’d use X” option, and should state that they would consider the chosen
institution in the consideration question. Such inconsistencies, especially if repeated in
" most choice sets, signal respondents who do not take the task seriously or do not
understand the questions. These checks were performed on the data set to remove
unrchiable responses; in addition, some surveys were discarded due to coding errors,

The final data set used in the analysis below contained responses from 350 respondents.

It also is worth noting at this stage that this preference elicitation approach ensures that
more information is gathered for each choice set. Specifically, in the present case
around 55% of the responses to question 3 were “I'd keep my current account” which
means that, had only this question been asked, there would have been considerably less
information about trade-offs. That is, choice experiments that include constant choice
options run the risk that respondents will select them in each choice set, thereby

providing no information about preferences. The latter is an extreme case, but including
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a second question with a less attractive constant option ensures that enough information
is gathered to still estimate irade-offs for respondents who truly prefer their current
option. Thus, one needs to be careful and pilot test the attractiveness of such constant
options; for example in the present survey the option “I'd use X” was selected less than

5% of the time, which guarantees that one can obtain trade-off estimates.

Results

The model assumes the following values for the prior distributions obtained in section

53: ¢y =¢y=1, ¢;=¢, =10, y=N(0,10I) and d; =1, thus the priors for the first
level of the hicrarchy correspond to an IID probit model. Setting ¢,; and ¢, to very

small values {e.g. 10"'% allows estimation of an IID structure without any change to the
current sampling scheme. Tight priors represent intermediate models between an [ID
and a full covariance structure that can be useful when the model parameters are weakly
identified. No other specific prior information needs to be incorporated in the analysis
so the mean priors were selected to have minimal impact on the posterior means,
Usually, large prior variances would be assumed in order to reflect such a lack of a
priori knowledge. However, MNP models exhibit some fragility (see Keane 1992),
which has implications for the choice of the prior variances as discussed in Chapter 3. In
particular, large prior variances may occasionaily produce a draw that could be
considered as an outlier. The chain recovers quickly but the precision of the posterior
estimates is affected. To avoid getting inconsistent draws, a somewhat tight prior
variance can be assumed. However, tight prior variances make the choice of the mean

priors critical; hence, mean priors were initiated using the updating mechanism
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discussed previously by sampling a few thousand iterations from the distributions
before starting the sampling scheme per se. Then, another 20,000 iterations were
sampled and the last 10,000 were used to generate the means and standard deviations of
the estimates. The results in Table 5.2 reveal that on average, many attributes seem to
play a role in the decision-making process and are important to understanding why and
when respondents are more inclined to select one of the proposed alternatives. Most
attributes were assumed to have generic effects; that is, they were assumed to impact
cach type of institutions similarly, with the exception of an alternative specific constant
{ASC) for each institution type. The results also reveal preference heterogeneity in the
data, but not for all attributes. Specifically, the impact of each institution-brand exhibits
little heterogeneity, which could be due to the domination of institution type effects over
brand effects; alternatively, it could be due to the fact that many brands were varied in
the experiment, hence more data might be needed to estimate the heterogeneity
distribution more precisely. In contrast, type of institution exhibits considerable
heterogeneity. That is, on average large and moderately-large institutions were most
preferred; moderately-large brands 1 and 3 were the most preferred and Non-traditional
institution-brands 2 and 3 were least preferred. Table 5.2 shows the moments of the

heterogeneity distribution (mean estimates and variances for all attributes).
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Table 5.2: Moments of the heterogeneity distribution

Moments of the heterogeneity distribution
" Mean Standard | Variance  Standard
Attributes . . . .
Estimates  deviation | Estimates deviations

Large institution -1.0160 0.129) 0.4074 0.0611
Moderate-Large institution -1.1210 0.1261 0.3547 0.0583
Small institution -1.6750 0.1228 (0.3740 0.0662
Another type of institution -1.5656 0.1344 0.6398 0.0919
Large Institution 1 0.0144 0.0166 0.0014 0.0615
Large Institution 2 -0.1529 0.0931 0.0190 0.0224
Large Institution 3 0.0853 0.0691 0.0110 0.0183
Moderate-Large Institution 1 0.5283 0.1124 0.0558 0.0449
Moderate-Large Institution 2 0.083% 0.0641 0.0029 0.0031
Moderate-Large Institution 3 0.4461 0.0584 0.0135 0.0118
Small Institution 1 G.1200 0.0805 3.0221 00166
Srmall Institution 2 0.1034 0.0731 0.0234 0362
Small Institution 3 0.0121 00118 00012 0.0013
Another type of Institution 1 0.1298 0.0799 0.0156 0.0193
Another type of Institution 2 -0.3970 0.1250 0.0216 0.0205
Another type of Institution 3 -0.2926 0.1107 0.0422 0.0444
Hidden attribute -0.326% 0.0278 9.1149 0.0176
Monthly account fee A -0.0332 0.0035 0.0016 0.06003
Fee to take money out A -0.0183 0.0129 7.17E-04 5.82E-64
Fee to put money in A -0.0038 0.0044 8.80E-(4 7.38E-04
Annuzal interest paid A 02712 0.0724 0.2697 0.0828
Monthly zccount fee B -0.0085 0.0028 1.28E-G4 5.14E-05
Fee to take money out B -0.0322 0.0168 0.0074 0.0041
Fee to put money in B -0.0069 6.0068 0.0058 0.0018
Annual interest paid B 0.2351 0.0819 04468 0.1146
TA - Fee to transfer within -0.0857 0.0198 0.0215 0.0083
TA - Fee to transfer outside -0.0169 0.0129 0.0084 0.0040
Fee to inciude a line of credit -0.0071 0.0053 6.29E-04 5.55E-04
CC - Annual fee -0.0021 0.0004 6.83E-06 2.50E-06
CC - Interest rate -0.1194 0.0586 04636 0.0580
CC - Loyalty scheme Airline 1 -0.0064 00148 9.00E-04 9.18E-04
CC - Loyalty scheme Airline 2 0.0562 0.0215 0.0025 0.0016
CC - Loyalty scheme Airline 3 0.0600 0.0264 0.0109 0.0066
{A - Fee to use internet type | -0.0130 0.0070 491E-04 2.66E-04
IA - Fee to use internet type 1 -0.0162 0.0087 0.0013 0.0010
TA. - Fee to use telephone typel -0.0004 0.0082 1.79E-04 1.34E-04
TA - Fee to ust telephone typel -0.0193 0.0123 0.0011 6.0011
CF - Feawre 0.00338 0.0039 8.48E-04 T7.49E.G4
CF - Attribute § -0.0161 0.0111 0.0024 0611
CF - Attribute 2 -0.0706 0.0239 0.0102 0.0056
LP « Nearest full service office -0.0029 0.0038 5.61E-05 3.58E-05
LP - Retailer type 1 -0.0252 0.0206 0.0066 0.0045
LP - Retailer type 2 -0.0745 0.0231 00104 0.0062
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Earlier it was suggested that an advantage of the proposed estimation approach is the
selection procedure that seeks a more parsimonious representation of the covariance
structure. Whether this advantage obtains can be assessed by examining the estimated
correlations among model parameters in Figure 5.1. That is, larger correlations are
darker, such that diagonal elements and off-diagonal correlations larger than 0.8 (or
smaller than —0.8) are displayed in black. Correlations between 0.5 and 0.8 (or between
—0.5 and —0.8) are in dark grey; light grey is used to represent correlations between 0.2
and 0.5 (or between —0.2 and —0.5). Finally, less important correlations between —0.2

and .2 are in white,

Figure 5.2: Pattern of the correlation matrix of the individual level parameters

The structure in Figure 5.2 is somewhat sparse but still presents non-zero correlations,
which provides supports for cstimating a parsimonious structure. Let us now consider
the matrix G to which the selection procedure was applied. The objective was to
sample a more parsimonious space while reserving the option to estimate a full
covariance structure if needed. Recall that G parameterises the inverse of the

covariance matrix . This space corresponds to the partial correlations, which could
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suggest an even more parsimonious representation. Each element of G, is zero if and
only if the partial correlation between attribute 7 and j is zero. It should be noted that

the primary reason to parameterise Q' and not Q is to make the sampling scheme
easier, but it has the additional advantage of potentially revealing more parsimony.
Thus, we need to determine whether the approach was able to estimate only a few
elements or needed to use the full structure available (i.e., all elements of the triangular
matrix G ). Figure 5.2 addresses this by depicting the frequency with which the

approach used each element of G .

Figure 5.3: Pattern of the probabilities to select/estimate elements of G

|

i

IGHE RSB E R TR S S %Qifh?:;2:%1‘?15@%525255&'5&?&:

Figure 5.2 demonstrates that the method was successful in estimating a more
parsimonious structure. Important elements, with a probability superior to 0.8, are in
black while elements whose probability is between 0.8 and 0.5, and between 0.5 and 0.2
are in dark and light grey, respectively. White depicts elements with a probability of

being selected/estimated of less than 0.2.
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Thus, more than 75% of the G eclements were set to zero in more than 90% of the
iterations used, which is not altogether swrprising because estimation of so many
elements (even if they all matter) would require considerable information to obtain
relatively precise estimates; hence this parsimonious structure partly reflects lack of
data. Obviously, elements that clearly differ from zero are selected and estimated at
each iteration, and hence have a high probability; unimportant elements are discarded
(i.e. set to zero) and reflected by low probabilities. It is worth noting that at each
iteration a different model structure might be (and generally is)} estimated; hence at the
end of the sampling process the model estimates represent an average over all
considered structures. This process is termed “model averaging” and weights each

model/structure by its frequency (i.e., its importance).

Finally, the estimation approach permitted a test of a common assumption regarding the
first level of the hierarchy, namely that the errors are IID. Table 5.3 presents the
estimates of the covariance matrix ¥ in matrix form; the lower triangle represents the
estimates of the covariances and the upper triangle contains their respective standard
deviations. The standard deviations of the diagonal elements are in parenthesis. Note

that the last element IZ,; of the diagonal was estimated in a first stage in which a

diagonal structure was imposed. All covariance elements were then estimated in a

second stage with X, =1.811.
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Table 5.3: Estimates of the covariance matrix T

mslﬁiizns 1-fixed | (7.76E-06) | (2.61E-06) | (3.14E-06) 0
Madorate-Targe | .1 .86E-07 (g:g}‘z‘) (4.99E-06) | (6.27E-06) 0
mflrt‘:;ﬂm -448E-08 | 1.32E-07 (g:gﬁ) (5.07E-06) 0
N"I‘;':triﬁ:é‘;m -6.21E-08 | 2.18E-07 | 2.08B-07 (g:gig) 0
Current 0 0 0 0 1.811 - fixed

The results in Figure 5.3 suggest that the assumption of zero covariances can be retained
at this level, but the diagonal elements do not appear to be identically distributed. The
probabilities that the covariance elements were different from zero were smaller than
0.2%, which means that the estimation procedure almost never considered a non-
diagonal structure, probably due to the fragility of MNP models mentioned earlier (see
also Chapter 3). If the data cannot reveal the structure, the selection procedure sets the

elements to zero at almost cvery iteration.

In the present case a diagonal structure was estimated but the priors were somewhat
tight for this covariance matrix; hence this structure can be viewed as lying between an
ITD and a fully diagonal model that suggest an important conclusion. That is, the
variance of the unobserved component is larger for the “I’d keep my current account™
option, which is consistent with the results of Dellaert, Borgers and Timmermans
(1996), who found that the random components of specific alternatives differed from
that of the constant option (a “none” option). In conclusion, a diagonal structure may be

all that is required to model the first level of the hierarchy in this dataset.
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5.5 Conclusions

This chapter developed an MNP model that can capture the full covariance structure of
individual preferences if necessary; but also allows one to select and estimate a more
parsimonious structure instead. A similar selection procedure was used to obtain a
parsimonious representation of the covariance structure of the utilities. The advantages
of element selection procedures like this are that researchers do not need to relyon an a
priori structure, but instead can estimate fewer structural elements if the data support
this. The proposed approach was illustrated by an empirical application involving
choice of financial institution types for a certain type of financial services account, and
the approach successfully found a more parsimonions structure for the heterogeneity

covariance matrix and a non-IID diagonal error structure.

Finally, we showed how to exploit preference information additional to that contained
in typical "most preferred option” choice experiment responses. Such extra information
can be used to better identify and estimate individual utility functions; for example, if
consumers choose constant options like “none” or “keep my current” option with high
frequencies, the additional information permits one to estimate preference trade-offs and
avoid potential Toss of information due to sparse responses. Responses to "which option
would you seriously consider”, "which option would be your second best choice", or
eventually a complete ranking of options provide a safety net that allows one to obtain
aggregate as well as individual estimates. The empirical illustration showed that one can

combine such information to better understand consumer preferences, even in cases in

which they may not show significant interest the options offered in an experiment.
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Unobserved attributes may impact similar brands (or types of brands in the empirical
example in this chapter) in a similar way; hence models that relax IID-error assumptions
may provide more accurate descriptions of market structure. Similarly, uncovering the
covariance structure of individual preferences allows one to better identify potential
differences between customers. In summary, models such as the one presented in this

research allow marketers to obtain a more precise picture of market structure.

Future rescarch should investigate the tradeoffs involved in estimating assumption-free
covariance structures compared with more restrictive models like factor-analytic probit
for different types of markets (c.g., Elrod and Keane 1995). Selection procedures could
also be applied directly to individual preferences to select sets of attributes that
individuals use to make choices. That is, if information on many attributes is provided
to respondents, it is unlikely that they will use all this information. Heterogeneity in
such data confirms that individuals have different preferences for some of the attributes;
hence estimates can be improved if unimportant attributes can be discarded at an
individual level. The latter could permit one to find segments of customers who use the

same set of attributes to make choices, even if their preferences for the attributes differ.
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This thesis developed new Bayesian procedures to estimate the parameters of
Multinomial Probit (MNP) meodels, with particular attention given to the error
covariance matrix. That is, the MNP structure is highly flexible and can account for
errors that are not independenily and identically distnbuted (IID), resulting in choice
probabilities that do not satisfy the independence of irrclevant alternatives (IIA)
property of models like Multinomial Logit (MNL). For example, MNL results from
assuming that the errors are [ID extreme value type I; thus the IIA property of MNL is a
consequence of that assumption. In marketing this property has been found to be
restrictive, hence researchers have focused atlention of models without that restriction,
which in turn has lead to the development of improved estimation methods for MNP

models.

Despite MNP’s greater flexibility and behavioural appeal, estimation remains somewhat
challenging, particularly estimation of the error covariance matrix. The identification
issues now are well known, but estimates can be fragile in the sense that the likelihood
is flat near its maximum. Fragility of estimates depends on data, which means that some
data sets yield good estimates, whereas others experience convergence problems. One

approach to this problem is to usc Bayesian estimation methods to develop more
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parsimonious representations if data support and/or require it. The latter approach can
be used to achieve parsimony by using an element selection procedure applied to a
decomposition of the covariance matrix that selects and estimates only the important
elements. The Gibbs sampling scheme for this problem was presented in Chapter 3, and
illustrated by means of an empirical application using a revealed preference data set that
has been examined by other rescarchers (data supplied by the Limdep Econometric
Software). The proposed approach found the covariance matrix to be diagonal, hence

the sampler set all covariance elements to zero.

Chapter 4 investigated the ability of particular types of choice experiments to estimate
MNP model parameters. That is, Chapter 4 addressed the following issues: 1) whether
choice experiments that are constructed to estimate MNL parameters of interest as
precisely as possible, but were not specifically designed to estimate MNP parameters,
can exploit the more complex structure of MNP models; 2) how good an approximation
is MNL and what is gained by estimation of more complex MNP models? Typically,
one tries to design choice experiments so that each parameter can be estimated
independently of all others. Parameters that are specific to each alternative supposedly
can be estimated from designs that are orthogonal within- and between-altematives
while generic parameters (i.e. each attribute impacts each alternative identically) can be

estimated from experiments that are orthogonal only within-alternatives.

A Monte Carlo simulation approach was used to investigate and compare MNL and

MNP estimates under conditions in which the true errors were non-1ID. The results

showed that estimated parameters are close to the true values for the case of generic
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parameters. Importantly and surprisingly, it was found that the generic slope parameters
were very precisely estimated for both MNP and MNL models. However, when the
alternative-specific constants (ASC’s) were estimated using MNL, they consistently
were biased, which affects the model predictions, but not strategic conclusions based on
slope estimates. Satisfactory MNP covariance estimates were achieved with both types
of choice experiments but only in the case of generic parameters, and covariance
matrices were not well-estimated if alternative-specific parameters also were estimated.
The objective of within-alternative designs is to maximise statistical efficiency of MNL
model parameters by maximising the number of between-attribute differences. A
comparison of within- with within- and between-alternative orthogonal attribute designs
for the case of generic parameters revealed little difference in the two designs in terms
of parameter efficiency, but the within- and between-designs lead to significantly more
scenarios. In the case of alternative-specific parameters, the within- and between-
designs not only did not perform as well as expected, but there also was little difference
in the quality of the estimates produced by these more complex designs and the simpler
within-only designs. Thus, future research should consider whether within-only designs
that maximise the number of attribute differences will perform as well if not better

systematically than within- and between-designs,

Chapter 5 considered the distribution of differences in individual preferences, or the
distribution of preference heterogeneity. Estimation of this distribution generally
involves estimation of a variance-covariance matrix of attribute parameters. The number
of elements of this matrix increases quadratically with the number of atiributes; hence, a

hierarchical model was proposed to achieve parsimony for large numbers of attributes.
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Models that provide more information are usually desirable but the amount of data
available dictates the level of detail that can be obtained; moreover, the more complex a
model, the greater the likelihood of overfitting the data. Chapter 5 proposed two
solutions to the problem of complexity. The first one is straightforward: more
information is needed. In choice experiments the option “not to choose” is usually given
to respondents to make the task more realistic. Inclusion of such realistic options is
important, but estimation problems arise if subjects in choice experiments choose such
options a large proportion of the time because there is less information available to

estimate individual preference trade-offs.

Chapter 5 proposed one solution to this problem that involves asking multiple
preference questions to ensure that respondents will express preferences for the
designed choice options. One such question included a very unappealing constant option
to encourage respondents to tradeoff atiributes of designed options and select one of
them. Another asked “consideration questions” (e.g., “which options would you
seriously consider?”) that yield information on weak rankings. Complete rankings are
another possibility; but increase in cognitive difficulty as numbers of choice options

increase; hence one might consider a partial ranking instead.

Whatever solution one adopts, the point of view taken in Chapter 5 was that complex
models either require more information per choice set or more choice sets per
respondent. More importantly, Chapter 5 proposed a mathematical solution for
complexity in the form of 2 model that searches for more parsimonious representations

of error structures by recognising that some elements should be excluded from
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estimation. This can arise either because such elements do not matter or because there is
not sufficient information in the data to produce reasonably precise estimates. The
proposed solution uses Bayesian element selection procedures to estimate a
parsimonious covariance matrix using “most preferred” and “would consider”
experimental data. Application to an empirical example involving financial service
accounts demonstrated that the covariance structure was sparse and that many elements

were irrelevant,

Many extensions are possible to this estimation approach. For example, element and/or
variable selection methods have the advantage that complex models can be proposed but
the estimated structure ultimately depends on the data, which may result in structures as
simple as MNL. Larger covariance matrices that allow for correlation among choice sets
also could benefit from such element selection methods, and it should be possible to
extend the approach to variable selection at the individual level. For data sets of the size
typically available to marketing academics and practitioners, it generally should be the
case that variance-covariance matrices will be sparse, but such methods should be able

to account for potentially important correlations at different levels of aggregation.

The results in this thesis as well as previous research suggest that Bayesian methods
should have a promising future in marketing research and related applications. In
particular, variable selection, covariance element selection and model averaging provide
powerful ways to estimate complex models. However, the issues of model complexity
should not be viewed as solely a modeling issue because the potential complexity of a

model also depends on the data available for estimation. Thus, choice experiments
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provide potentially reliable sources of data for model estimation, but it is necessary to
understand what can and cannot be estimated from such particular experiments. That is,
more research in statistical design theory is needed to identify designs that can support
estimation of more complex model structures like MNP. However, more research also is
needed on the modeling side to permit better identification of estimation issues related

to the use of experimental data.
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