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1. Introduction

Fundamental to any stated choice (SC) study is an underlying experimental design, the
generation of which is directly under the control of the research analyst. Unfortunately,
not all experimental designs are equal in terms of the statistical properties that they
display and as such, it is up to the analyst to select an experimental design that enhances
not only the statistical properties of the design itself as well as choice data collected
using that design, but also a design that compliments the statistical properties of the
models on which such data are applied. Several researchers have already addressed the
issue of how to construct experimental designs that display favorable statistical
properties (e.g., Bliemer and Rose, 2006; Bliemer et al., 2007; Carlsson and Martinsson,
2002; Ferrini and Scarpa, 2007; Huber and Zwerina, 1996; Kanninen, 2002; Kessels et
al., 2006; Sandor and Wedel, 2001, 2002, 2005; Rose and Bliemer, 2006). Central to
this literature on generating experimental designs for SC data is the minimization of the
standard errors obtained from data collected using the experimental design. With the
minimization of the standard errors comes the maximization of the asymptotic t-ratios
which in turn means more efficient estimators at a given sample size.

With the exceptions of Bliemer et al. (2007), Ferrini and Scarpa (2007), and Sandor and
Wedel (2002, 2005), research into the generation of SC experiments have largely
assumed that data collected using the design will be limited in analysis to the use of the
simple MNL model. The MNL model remains versatile and resilient many years after
its introduction by McFadden (1974) however, it does suffer from a number of
limitations. The three most important limitations of the MNL model are i) that the
model does not easily accommodate the presence of preference heterogeneity within
choice data, ii) that it does not allow for the fact that with SC data, each decision maker
typically responds to multiple choice tasks, and iii) that the MNL model imposes a
constant error variance assumption across all alternatives within the model.

The incorporation of preference heterogeneity into the MNL model is possible given the
inclusion of interaction terms, however incorporating these into the experimental design
is a non trivial task, particularly as the interaction terms would likely be between the
design attributes and the characteristics of individual respondents and not just simply
between the design attributes themselves. Failure to accommodate such interaction
terms into the design process will significantly impact upon the statistical properties of
the design (see Rose and Bliemer, 2006). The second issue related to the presence of
repeated choice observations has traditionally been handled using either bootstrapping
or jackknife techniques to adjust the standard errors of the model. Nevertheless, Ortlzar
et al. (2000) tested both methods and found using four different data sets that the
standard errors varied inconsistently and against expectations and concluded that the use
of these methods were unsatisfactory for correcting for the repeated choice observation
problem. The final issue, that of constant error variances across alternatives may only be
addressed by moving to alternative model forms, such as the nested logit (NL) model
(see Carrasco and Ortizar (2002) for a detailed discussion of the NL model and its
history).

Bliemer et al. (2007) extended the literature on designing SC experiments by addressing
the third limitation of the MNL model mentioned above by accounting for differences in
the error variances of alternatives when generating experimental designs by utilizing NL
models. Ferrini and Scarpa (2007) also accounted for the same issue via an error
components model structure, and in doing so also addressed the second issue of
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repeated choice observations by allowing for a correlated error structure across choice
situations. Sandor and Wedel (2002, 2005) address the first issue of accommodating
preference heterogeneity by generating experimental designs expressly for mixed logit
models, but did so without addressing the second issue of having repeated choice
observations at the individual respondent level.

One major benefit of using the mixed logit model is that depending on how the model is
specified, the model may allow for i) the incorporation of preference heterogeneity (see
e.g., Ben-Akiva et al., 1993; Ben-Akiva and Bolduc, 1996; Bhat, 1996; Boyd and
Mellman, 1980; Cardell and Dunbar, 1980; Brownstone and Train, 1999; Hensher and
Greene, 2003; McFadden and Train, 2000), ii) an accommodation of within respondent
correlation across repeated choice observations (Revelt and Train, 1998) and iii) non-
constant error variances across alternatives via a relaxation of the 11D assumption (see
e.g., Hensher and Greene, 2003, or Train, 2003). The specification utilized in Sandor
and Wedel (2002, 2005) addressed only the first and third issue. In SC experiments
where respondents face multiple choice situations, particularly the second issue is of
importance, and has so far not been accounted for in the design of these experiments.

In this paper, we address the issue of designing SC experiments in a way that
accommodates all three limitations of the MNL model. We do this by use of the panel
formulation of the mixed logit model, a formulation that explicitly incorporates the
possibility of correlations over the multiple choice observations made by individual
respondents, whilst also allowing for preference heterogeneity and a relaxation of the
IID assumption (see e.g., Revelt and Train, 1998, Train, 2003, or Ortluzar and
Willumsen, 2001). The use of the panel formulation of the mixed logit model requires a
different specification of the log-likelihood function of the mixed logit model to that
used in Sandor and Wedel (2002, 2005). Unfortunately, the log-likelihood function for
the panel specification of the mixed logit model introduces an increased degree of
complexity into the generation processes of experimental designs, in that the analyst
now has to deal not with summations, but rather with products. Where possible,
however, we mitigate this complexity so as to make the problem of design generation as
tractable as practicable. In addition to the incorporation of panel effects, we generalize
the model to not only assume normally distributed random parameters, as has been done
in the past within the SC experimental design literature, but also allow for other
distributions such as the uniform distribution.

The remainder of the paper is organized as follows. In the next section, we outline the
panel formulation of the mixed logit model which precedes discussion on the issue of
generating SC experiments using this model formulation. The paper then provides a
brief discussion on the differences between the panel and the cross-sectional
formulations of the model before we introduce three case studies in which we compare
and contrast designs generated for different discrete choice models in order to
demonstrate differences in the statistical properties of each. After the case studies, we
discuss the issue of misspecification of prior parameters before we move onto a general
discussion and concluding remarks.
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2. The panel mixed logit model

Let U, denote the utility of alternative j perceived by respondent n in choice situation
s, which consists of an observed component V,; and an unobserved component &

nsj?
U nsj :Vnsj + gnsj * (1)

As is common practice, the observed component is assumed to be described by a linear
relationship of observed attribute levels of each alternative, x, and their corresponding
weights (parameters), £,

K
Vnsj = Z lBk anjk ' (2)
k=1

In case a certain parameter S, appears in the utility function of multiple alternatives j, it

is said to be generic over these alternatives. Otherwise, the parameter is called
alternative-specific. In our notation, if a certain attribute k does not appear in the utility
function of a certain alternative j, then we assume that X, =0.

When the unobserved components are assumed to be identically and independently
extreme value type 1 (EV1) distributed, then the probability P that respondent n

chooses alternative j in choice situation s is given by the multinomial logit model (see
McFadden, 1974),

o ep(Vy)
Pnsj - Ziejns eXp (Vnsi ) ! (3)

where J . is the set of alternatives presented to respondent n in choice situation s.
Typically, the parameters £ are unknown and one is interested in estimating these

parameters from data, being either revealed choice data, or in our case, stated choice
data. Let y,; equal one if j is the chosen alternative in choice situation s shown to

respondent n, and zero otherwise. In other words, y represents the outcomes of a stated
choice experiment. Then the parameters can be estimated by maximizing the likelihood
function L,

L=TTTTIT(Ps)™ (@)

n=1seS; jelyg

where N denotes the total number of respondents and S, is the set of choice situations
faced by respondent n.
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In case of a mixed logit model, we assume that (some of) the parameters are random,
following a certain probability distribution. In that case, the expected likelihood
function is maximized in order to estimate the distributional parameters, with

E(L) - E[ﬁH I (Pns,-)y“"]

n=1seS, jely

SICh AR

n=1 seS, jelys

(5)

in which the second term holds since we assume that all respondents make their
decisions independent of each other. If two random variables, say p and q, are
independent, then E(pq) = E(p)E(q). However, in a SC experiment, we cannot assume
that the probabilities for a single respondent in multiple choice situations are
independent, as they have the same underlying behavior. The above formulation that
explicitly takes into account this dependency is called the panel mixed logit model. The
expectation is over the random £ values, which make the probabilities P random as

well.

5]

Instead of maximizing the likelihood, commonly the log-likelihood function is
maximized, being given by

logE(L) = ilog E (H T1(Ps)" J (6)

seS, jedns

If the choice observations from a single respondent over a series of choice situations are
assumed independent, then the likelihood function can be written as

E<L>=1”[HE[H(Pnsj)“" ] )

n=1 se$, jedns

such that the log-likelihood function can be simplified to

0gE(L) =YY T v, logE(P, ) ®)

n=1seS, jedy

This equation represents the log-likelihood function of well-known cross-sectional
mixed logit model. In the remainder of this paper we will primarily focus on the panel
mixed logit model, as this provides the correct modeling framework taking into account
that a single respondent makes multiple choices. However, we will use the cross-
sectional mixed logit model for comparison in our case studies.

Define the probability P, that a certain respondent n has made a certain sequence of
choices {j|y,; =1, Wwith respect to the set of choice situations, S, by
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R =TTIT(Rs)" 9)

seS, jelys

such that the (panel) log-likelihood function can be written as

log E(L) = ZN:Iog E(P,). (10)

n=1

This probability P~ depends on the random parameters f, such that the expected
probability can be written as

E(R)=[, R (A (B10)dB, (11)

where f(f£|60) is the multivariate probability density function of /S, given the
distributional parameters 4. By using a transformation of £ such that the multivariate
distribution becomes non-parametrical, we can write Egn. (11) as

E(R)=] P (B(z10)4(2)dz, (12)

where £(z|0) is a function of z with parameters &, and where ¢(z) is the multivariate
non-parametrical distribution of z. It is common to use several (independent) univariate
distributions® instead of using a single multivariate distribution, such that Eqn. (12) can
be written as

E(R) =], ], Pr(A(216).. B (2 16)) (@) - (2)dz, - dz. (13)

Having separate univariate distributions for each parameter has the benefit that different
distributions can be easily mixed. For example, if g, ~ N(x,0), and g, ~U(a,b), then

E(Py) is written as
E(R)=[, ], P (A& 1.0). 5,1 a0)4(2)4,(z)dzdz,, (14)

where B,(z,| u,0) = u+ oz, with z, ~ N(0,1) following a standard normal distribution,
and p,(z,|a,b)=a+(b-a)z, with z,~U(0,1) following a standard uniform
distribution. Other distributions can be used as well, such as the log-normal distribution
in which the transformation £(z|u,0)=¢"e’* is used, with z~ N(0,1). Note that a

fixed parameter is a special case of a random parameter, such that all equations also
hold in the case that only some of the parameters are considered random. For a fixed
parameter S, we simply take S, (z, | &) = 1, and ¢ (z) =1.

! Note that if one would not like to assume independent random variables, then one can sample directly from the multivariate
distribution. In case of a multivariate normal distribution, this is possible through a Cholesky decomposition, see e.g., Greene
(2002).
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3. Efficient designs for the panel mixed logit model

Given the attribute levels x and the survey outcomes y, the model (distributional)
parameters € can be estimated by maximizing the log-likelihood function (Eqgn. 10), see
e.g., Train (2003). In a SC experiment, the attribute levels x are given by the underlying
experimental design. Creating an efficient design is actually the inverse problem, in
which the (distributional) parameter estimates are assumed given (as fixed or Bayesian
priors), and one would like to determine optimal attribute levels x which will maximize
the so-called design efficiency, which in turn is a measure for the reliability of the
parameter estimates. This inverse problem of finding an efficient design is far more
complex than the estimation problem. Generating efficient designs have been discussed
in Huber and Zwerina (1996), Kanninen (2002), and Sandor and Wedel (2001) for
multinomial logit models with all generic parameters, and in Carlsson and Martinsson
(2002) and Rose and Bliemer (2005) for multinomial logit models with generic and
alternative-specific parameters. Furthermore, efficient designs for the cross-sectional
mixed logit model are discussed in Sandor and Wedel (2002), for the nested logit model
in Bliemer et al. (2007), and for the error components model in Ferrini and Scarpa
(2007). With the exception of the work by Ferrini and Scarpa, each of these models
assume independent observations from different choice situations, which is in a SC
experiment not the case when giving multiple choice situations to the same respondent.
In estimation this is well-known, and panel mixed logit estimation procedures exist.
However, in design generation, the dependency between choice situations has always
been ignored. In this paper, we will discuss the generation of design SC experiments for
panel mixed logit models, such that this dependency is taken into account for the first
time.

3.1 Efficiency measures

In order to find an efficient design, the design efficiency has to be expressed in a
guantitative way using a certain measure. Several measures have been proposed in the
literature. All measures use the asymptotic variance-covariance (AVC) matrix of the
estimates to determine the design efficiency. In simple terms, each of these measures
aims to minimize the (asymptotic) standard errors, or alternatively, maximize the t-
ratios, in case the model parameters are estimated using the design under consideration
in a stated choice experiment. Rephrasing, if the design is used to construct a SC
experiment and is given to a large number of respondents, then the resulting variance-
covariance matrix (where the standard errors are the roots of the diagonals) when
estimating the model parameters will give this AVC matrix. Hence, the AVC matrix
typically depends on the survey outcomes y. However, it has been shown that for the
multinomial logit model this AVC matrix can be determined independent of y (e.g.,
Huber and Zwerina, 1996; McFadden, 1974; Rose and Bliemer, 2005). Also, for the
nested logit model (Bliemer et al., 2007) and the cross-sectional mixed logit model
(Sandor and Wedel, 2002, 2005), the AVC matrix can be determined independent of y.
As we will show in this section, the AVC matrix for the panel mixed logit model cannot
be determined independent of y (the same issue exists for the error components model
allowing for correlated choice situations; see Ferrini and Scarpa, 2007). We will
propose to create a hypothetical sample of respondents, such that the design efficiency
can still be approximated. However, this comes at the cost of much longer computation
times. Considering the fact that, in order to find an efficient design, thousands — if not
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millions — of potential experimental designs need to be evaluated, computation time is
an issue.

The most widely used measure is the D-error measure (see Huber and Zwerina, 1996),
which describes the inefficiency of a design, i.e., the lower this D-error, the more
efficient the design, and is computed by taking the determinant of the AVC matrix (and
scaled according to the number of parameters). Similarly, the A-error is the (scaled)
trace of the AVC matrix, which is simply the sum of the diagonal elements representing
(the squares of) the standard errors. Other measures can be found in e.g., Kessels et al.
(2006). Let Q,, denote the AVC matrix for a sample size (number of respondents) N.

Then the D-error and A-error are defined as

D-error = (det(Q, ))UK , (15)

A-error = tr(?“ ) (16)

While in minimizing the A-error scaling of the parameters may lead to different results
(standard errors of large-valued parameters are typically larger, which may overshadow
the minimization of the standard errors of small-valued parameters), the D-error is not
sensitive to parameter scaling by means of the determinant. In this paper we will
concentrate on minimizing the D-error, such that the following problem needs to be
solved:

min (det (€2, ))UK
st. xeX.

(17)

The attribute levels x are constrained to the feasible set of attribute levels X. This
feasible set is determined by the experimental design dimensions chosen by the analyst
and some constraints on the attribute levels. Besides the model specification (in which
the number of alternatives, attributes, and parameters is chosen), the analyst has to
decide on the number of choice situations for each respondent (the size of set S, ), the
number of attribute levels per attribute, and the range of allowed attribute levels. In the
design literature, the possible attribute levels are typically given and fixed, although
approaches that pivot around respondent-specific base values exist (Rose et al., 2008).
Other constraints that can be put on the attribute levels are attribute level balance (over
all choice situations, each attribute level should appear an equal number of times), and
orthogonality (independence between attribute levels of different attributes). For a more
detailed discussion on the generation of SC experiments, see Rose and Bliemer (2008).

3.2 Deriving the AVC matrix for the panel mixed logit model

The main complexity is to determine Q, for a given design x. The remainder of this
section will be devoted to the derivation of Q.. The AVC matrix €, can be
determined as the inverse of the Fisher information matrix, I, which in turn can be

computed using the second derivatives of the log-likelihood function (10) (see Train,
2003). Mathematically,
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(18)

i . 0% log E(L)
Q, =11 withl, =-E | ———2|,
N N N N( 8089'

where E, (-) is used to express the large sample population mean. Hence, the AVC

matrix can be determined by calculating the Hessian matrix of the log-likelihood
function for the panel mixed logit model. Let the vector of M, parameters for the

probability distribution of parameter g, be denoted by 6, =[6,], assuming
m=1,...,M,. Using Eqgn. (10), the first derivatives are

dlogE(L) oE(P))
aekm nZ—;E( n) 8ekm , (19)

such that the second derivatives can be written as

amwau_i 1 PE(R) 1 oE(R)oE(R)
00,00, 15| E(P)) 06,0,06,, (E(R)) % OO,

NGl oO°P; 1 oP’ oP’
:2 E E E
=} E(pn*) (ae aek2m2] (E(P*))Z [%’mJ aekzmj

(20)

n

Note that we have reversed the order of derivation and expectation, as the derivative of
the expected value is the same as the expected value of the derivative since the
expectation is over z, not over 4. In Egn. (20), two terms remain to be determined,

*

P D Yos 0P
—PAZZ‘ = (21)
aekm aHkm seS; jedns nSj aﬁk

and

o0°P’ _ 1 6P 0P aﬂkl op, Z Z ns,

00, 1,06 m, P 06, 06, 89 00 1, scs, jean, OB, s

* aﬂh ynSJ r‘IS]
+h " 06, 06, Zz

kmy  Pkom, s€S; jedys r‘ISj 8ﬁkl

(22)

where 0P, /0, is the first derivative of the multinomial logit probability,

njs

OP;
L= nsl( nsjk Z nsi nwk} (23)

op, &
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Suppose we would like to evaluate the design efficiency of design x. Assuming some
prior values for parameters &, we can compute the multinomial logit probabilities P

nsj*

Furthermore, given the probability distributions of B, 03/00 and &°f/0606" can be
determined. Note that the latter term is zero in case of the normal and uniform
distribution, such that the last term in Eqgn. (22) would drop out. The only unknowns are
y and therefore also P.. For other model types, such as the multinomial, nested, and

cross-sectional mixed logit models, the outcomes y could be replaced by probabilities,
since Ey(Y,4) =P (v follows a multinomial distribution). However, EN(P*) cannot

n
be approximated that easily, as it describes a generalized multinomial distribution
(Beaulieu, 1991). Rewriting it to a multinomial distribution in which an alternative is
redefined as a sequence of chosen alternatives over multiple choice situations is
theoretically possible; however the number of possible sequences grows exponentially,’
such that this is not practically feasible. Instead, we will generate a hypothetical sample
based on the design x as follows. For each respondent n, we draw a random parameter
B, from each given parameter distribution, then determine the observed utility V,; for

each choice situation s based on design x, then draw a separate unobserved component
&,y for each alternative in each choice situation, and determine vy, by selecting the

alternative with the highest utility in each choice situation. Note that the same random
draw for g, is used over all choice situations for each respondent, representing the

panel formulation.

The expected values in Eqn. (19) can be approximated using simulation, similar to
approximations in estimation (see Train, 2003). Instead of pseudo-random simulation
taking pseudo-random draws for each parameter f,, closer approximations with the

same number of draws can be achieved by using more intelligent quasi-random draws
(e.g., using Halton or Sobol sequences) or polynomial cubature methods (e.g., Gaussian
quadrature). A discussion and comparison of these simulated approximations can be
found in the estimation context in e.g., Bhat (2001, 2003), Hess et al. (2005), Sandor
and Train (2004), and in the design context in Bliemer et al. (2008).

3.3 Cross-sectional mixed logit as a special case

The cross-sectional mixed logit model is a special case of the mixed logit model in
which all choice observations from a single respondent are treated independently.
Instead of using the log-likelihood function (10) we will now use Eqgn. (8), yielding a
first derivative of

dlog E(L) OE(Py)
00, ZZZ E(P ) 96, @)

n=1seS, jel, nsj km

2 If for a certain respondent n, the number of choice situations is 10 and the number of alternatives is J,. =2 for all choice

situations s, then there are already 2'° =1,024 possible choice sequences. Practical problems typically have larger numbers of
alternatives and choice situations. Multinomial distributions of these large dimensions lead to prohibitive computational problems
in determining E, (P)).
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and a second derivative of

0? |Og E(L) o°P nsj 1 8Pr‘|Sj 8Pnsj
- E E .
06y, 00, 1, lesl,zly’ E(P ) [ae n00n, ) (E(P ))2 00, ) | 06 &)

nsj nsj kom,

When taking the large sample mean of this second equation, conform Egn. (18), we can
use the substitution EN(ynSJ) E(P,), where E, () is again the large sample mean,

such that the outcomes y completely drop from the equation and collapses to the
formula stated in Sdndor and Wedel (2002). This makes computing the AVC matrix for
the cross-sectional mixed logit model a much easier task than for the panel mixed logit
model, as there is no need to generate a sample, significantly reducing the computation
time.

nsj

4. Case studies

In this section we generate designs for three different case studies. In each of the three
case studies, we compare and contrast three different experimental designs; the first
represents an experimental design optimized assuming an MNL model, the second a
design optimized for a cross-sectional mixed logit model (assuming independent choice
observations) and the last design assuming the panel formulation of the mixed logit
model. In the second case study, a fourth design is also generated, that being an
orthogonal design®.

In all cases, we have optimized the designs on the D-error criteria; however, for
completeness we also report the efficiency of the designs using other efficiency criteria.
Gaussian quadrature with 5 abscissas is being used (see e.g., Bliemer et al., 2008) for
simulating the probabilities in the mixed logit models, and an additional sample of 500
respondents is generated (using Halton draws for the EV1 error terms in the utility
functions) for computing the panel mixed logit results. The procedures described in this
report have been implemented in the Ngene* software, which is used to generate the
efficient designs in all case studies. Reported computation times are for evaluating
100,000 designs in a randomize-and-swap algorithm, based on a notebook computer
running Windows XP with a 2.0Ghz Pentium M processor and 1GB RAM.

4.1 Case study 1

The first case study follows that of Kessels et al. (2004) in terms of the design
dimensions that we have chosen to explore. The experiment assumes each respondent
observes two alternatives described by four attributes. The utility specification for the
case example is given as:

3 In this paper, we have deliberately avoided discussion of orthogonal designs. Orthogonal designs are only optimal for linear
models (which does not describe models within the logit class of models), or when all prior parameters are assumed to be zero for
linear models (see Bliemer and Rose (2006) for a detailed discussion of this). Street and Burgess (2004) and Street et al. (2005)
claim to generate optimal SC designs which are orthogonal. A careful examination of their research suggests that these designs
are only optimal under the zero prior parameter assumption (indeed, they do not assume any priors) and that the designs that they
generate can only be used for models assuming generic parameters.

4 Ngene is being developed by Econometric Software. Prototype version 0.9 was used.

10
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Vi =BXpu+ BoXjp + PoXjs + BuXjs 1=12, (26)

where each attribute takes on three levels (i.e., x; :{1,2,3}). For the case example

however, we select different priors to those examined in Kessels et al. (2004). In the
original work, Kessels et al. choose to use priors drawn from a uniform Bayesian
distribution ranging between -1 and 1, thus suggesting that the analyst had no
information as to the expected parameters, not even direction. For the present study,
parameters S, and S, are treated as fixed parameters, whilst the first two parameters

are specified as a random parameters drawn from normal distributions, i.e.,
B~ N(w,0,) and B, ~ N(u,,0,). The following priors are used: g =0.6, o, =0.2,

1 =-09, 0,=02, B,=-02 and B, =08.°

Three designs were generated for the first case example and are shown in Table 1. The
first design was generated assuming that the model was an MNL model (computation
time: 43 seconds to evaluate 100,000 designs), in which the two random parameters are
assumed to be fixed and their priors equal to the means. The second and third designs
were generated using the mixed logit model, where in the second design independence
of choice observations is assumed (computation time: 19 minutes) whilst the third
design assumes the panel formulation of the model (computation time: 67 hours).

At the base of Table 1 are the efficiency results for the three designs calculated as if the
designs were used to estimate different model forms. The bold values represent the
optimized D-errors. If the estimated model is of the MNL type, then the MNL design
will perform best, with a D-error of 0.160 (which is smaller than the D-errors of the
other two designs, 0.169 and 0.165). Similarly, the cross-sectional ML design will
perform best when estimating a cross-sectional ML model (with a D-error of 0.745),
and the panel ML design and will perform best for estimating the panel ML model (with
a D-error of 0.248). Also shown are the associated A-errors and the minimum sample
sizes required for each design to obtain significant asymptotic t-ratios for all parameters
(see Bliemer and Rose, 2005, for a discussion of how to calculate these sample sizes).

Whenever a design is not optimized for the model to be estimated, the design will loose
efficiency. Reading across the rows for example, one can observe that when the design
generated for the cross-sectional ML model is used to estimate a panel ML model, the
design obtains a D-error of 0.278, 12 percent larger than when the panel ML design is
used (with a D-error of 0.248). Reversely, when estimating the cross-sectional ML
model, it is much more efficient to use a design specifically designed for this model
than using a panel ML design (a D-error of 0.745 versus a D-error of 0.933, an increase
of 25 percent). Note that D-error values down the columns cannot be compared, as they
are dependent on the model estimated (with possibly different numbers of parameters,
for example between the MNL and ML models).

5 Note that any parameters could have been chosen. These were selected purely for demonstrative purposes only. Had different
prior parameters been chosen instead, the results reported may have varied considerably. We discuss this in the discussion
section of the paper.
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Table 1: Case Study 1 designs

MNL Model Cross-Sectional ML Model Panel ML Model
Attributes Attributes Attributes
s Xj1 X2 X3 Xjq Xj1 X2 X3 Xjq Xj1 X2 X3 X4
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Efficiency results when design is applied to different model forms
Model Assumed for Design

MNL Model Cross-Sectional ML Model Panel ML Model
D-error D-error D-error
MNL 0.160 MNL 0.169 MNL 0.165
Cross-Sectional ML 0.884 Cross-Sectional ML 0.745 Cross-Sectional ML 0.933
Panel ML 0.249 Panel ML 0.278 Panel ML 0.248
A-error A-error A-error
MNL 0.258 MNL 0.210 MNL 0.270
Cross-Sectional ML 8.550 Cross-Sectional ML 4.672 Cross-Sectional ML 9.774
Panel ML 0.341 Panel ML 0.360 Panel ML 0.337
Sample Size Sample Size Sample Size
MNL 12 MNL 13 MNL 14
Cross-Sectional ML 2781 Cross-Sectional ML 1387 Cross-Sectional ML 2932
Panel ML 44 Panel ML 67 Panel ML 40
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A further point worthy of discussion is the minimum sample sizes suggested for each of
the different designs. In all cases the cross-sectional ML model — treating each choice
observation as an independent pseudo individual — performs particularly badly, even
when the generated design is optimized for this model form. Although not presented
here, a more detailed investigation shows that particularly the standard deviations o,

and o, need large sample sizes to be statistically significant in estimation, which

explains the difference in the minimum sample sizes between estimating the MNL
model and the ML models. The panel ML model accepts a much lower sample size than
the cross-sectional ML model in order to estimate these standard deviations, requiring
only 40 respondents at a minimum (and only a sample size of 14 is needed to estimate
the means and fixed parameters to a statistically significant level).

It is interesting to see, that the sample sizes between the MNL model and the panel ML
model are much more similar than the sample sizes between the two ML models. This
could be explained by the fact that both the MNL as well as the panel ML model
assume constant respondent behavior over the choice situations, while the cross-
sectional ML model assumes varying respondent behavior over the design. In this case
study, it turns out to be much better to use the MNL design than the cross-sectional ML
design in order to estimate the panel ML model. This is an important finding, as
currently in the state-of-the-art literature, one focuses on designs for the cross-sectional
ML model (e.g., Sandor and Wedel, 2002; Kessels et al., 2006), while clearly the
correct model to estimate in case of stated choice experiments is the panel ML model.

4.2 Case study 2

The second case study follows that of Huber and Zwerina (1996) in terms of the number
of alternatives (three), attributes (three per alternative), attributes levels (three per
attribute) and choice situations (nine) chosen. In the original study, Huber and Zwerina
used as attribute levels 1, 2 and 3 which were dummy coded but did not use priors,
working directly with the choice probabilities. In the present study, we use a generic in
the parameters utility specification and do not dummy code such that the utility
specification of the model is:

V, = BX, + BX, + BXs  1=12,3, (27)

with attribute levels x; ={10,20,30}and x;, = x;, ={5,10,15}. As such, we break

slightly from the original example. For the present study we that all parameters are
randomly distributed. The first and second parameter are assumed to be uniformly
distributed, g, ~U(a,,b) and g, ~U(a,,b,), while the third parameter is assumed to

be normally distributed, S, ~ N(x,0). The prior parameters for this case study are
takenas a, =-0.9, b, =-0.5, a,=-15 b,=-1.0, ©x=-0.8, and o =0.2.
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Table 2: Case Study 2 designs

MNL Design Cross-Sectional ML Design Panel ML Design Orthogonal Design
Attributes Attributes Attributes Attributes
i Xj1 X;; X3 Xj1 Xy X3 Xj1 X;; X3 X; Xy X3
1 20 10 15 30 10 10 20 15 5 10 5 5
2 30 15 5 30 15 5 20 10 10 20 10 10
3 20 10 15 20 5 15 10 5 15 30 15 15
1 10 15 10 30 10 5 30 10 5 20 15 5
2 10 5 15 30 10 5 10 15 15 30 5 10
3 20 15 5 10 15 10 20 15 10 10 10 15
1 30 5 5 10 5 15 30 10 10 30 10 5
2 30 10 5 10 15 10 20 15 10 10 15 10
3 10 5 15 30 10 5 30 10 10 20 5 15
1 30 15 5 30 5 5 10 5 15 20 10 10
2 20 10 15 10 10 15 10 15 10 30 15 15
3 10 15 15 20 10 10 30 10 5 10 5 5
1 10 10 15 20 15 5 20 15 15 30 5 10
2 30 5 5 20 5 15 30 5 15 10 10 15
3 10 15 10 10 15 15 30 10 10 20 15 5
1 20 5 15 10 15 10 30 5 5 10 15 10
2 20 5 15 20 10 10 10 5 15 20 5 15
3 30 10 5 20 5 10 20 15 5 30 10 5
1 20 10 10 20 10 15 10 10 10 30 15 15
2 10 15 10 20 5 15 30 5 5 10 5 5
3 30 5 5 30 15 5 10 5 15 20 10 10
1 10 15 10 10 15 15 10 5 15 10 10 15
2 20 10 10 30 5 10 20 10 5 20 15 5
3 20 5 10 30 10 5 10 15 5 30 5 10
1 30 5 5 20 5 10 20 15 10 20 5 15
2 10 15 10 10 15 5 30 10 5 30 10 5
3 30 10 10 10 5 15 20 5 15 10 15 10
Efficiency results when design is applied to different model forms
MNL Model Cross-Sectional ML Model Panel ML Model Orthogonal Design
D-error D-error D-error D-error
MNL 0.023 MNL 0.042 MNL 0.037 MNL 3.604
5 Cross-Sect. ML 0.414 Cross-Sect. ML 0.104 Cross-Sect. ML 0.114  Cross-Sect. ML 55.468
g Panel ML 0.096 Panel ML 0.082 Panel ML 0.080  Panel ML 0.782
E A-error A-error A-error A-error
o VINL 0.262 MNL 0.220 MNL 0.166 MNL 34462
% Cross-Sect. ML 2.800 Cross-Sect. ML 0.970 Cross-Sect. ML 1.633  Cross-Sect. ML 5.1-10°
% Panel ML 0.433 Panel ML 0.324 Panel ML 0.298  Panel ML 7012
< Sample Size Sample Size Sample Size Sample Size
% MNL 1 MNL 1 MNL 1 MNL 275809
N Cross-Sect. ML 24 Cross-Sect. ML 31  Cross-Sect. ML 61  Cross-Sect. ML 1.1.10%
Panel ML 8 Panel ML 7 Panel ML 7 Panel ML 72147

As with the first case study, three designs were generated, each having nine choice
situations. The first design was generated assuming an MNL functional form (taking the
priors equal to the means of the random distributions), the second a cross-sectional ML
form, and the third a panel ML form. The final designs and their respective efficiencies
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are given in Table 2. The design generation computation times were 29 seconds, 63
minutes, and 250 hours, assuming the MNL, cross-sectional ML, and panel ML model,
respectively.

For the first three designs, the results for the second case study mirror those of the first.
Models estimated using designs specifically generated for that model outperform
designs generated for different model forms. Again, for all designs, the minimum
sample size for estimating the cross-sectional ML model is much larger than the sample
size for estimating the panel ML model. The MNL model and panel ML model sample
sizes are more similar, although the latter one needs a higher sample size again due to
the harder to estimate standard deviation o.

Table 2 also contains a fourth design, that being an ‘optimal’ orthogonal design
generated using the principles outlined by Street et al. (2005). Following their
procedure, the design is orthogonal within alternatives, not across alternatives. It is
constructed such that within each choice situation, for every attribute each attribute
level never appears twice across any of the alternatives. As such, the design is generated
to force respondents to make trade-offs for each and every attribute in each and every
choice situation of the experiment (this is the definition of design optimality put forward
by Street et al.).

Clearly, the design process put forward by Street et al. (which does not consider any
information on the priors) produced significantly substandard results for this case study.
Indeed, the sample size requirements for all models are substantially large compared
with the other designs shown in Table 2, suggesting that this design should not be used
in practice. Nevertheless, the warning message here should be somewhat tempered,
given that the orthogonal design chosen performed badly given the prior parameters we
selected. Whilst these priors were chosen purely for descriptive reasons for the case
only, it is feasible that the design may perform better given a different set of population
parameter estimates.

Further, the orthogonal design was constructed using the procedures outlined in Street et
al. (2005), which do not necessarily reflect the generation processes followed by most
researchers in constructing orthogonal designs. As such, another orthogonal design may
be expected to perform much better than that used here. The best orthogonal design we
could find (not reported here), generated assuming an MNL model, had a D-error of
0.081, which is still significantly higher than 0.023, but clearly much better than the
‘optimal’ orthogonal design following Street et al.

All three efficient designs perform relatively under each model form, while the
orthogonal design performs very poorly. The MNL design, which is the easiest to
generate, could be used to estimate all models with a relatively high efficiency.

4.3 Case study 3

The final case study was constructed to demonstrate the ability of the design generation
process outlined within this paper to handle both alternative specific and generic
parameter estimates. The utility specification used in generating the design for the third
case example is given in Eqn. (28).

V1 :,Bo +ﬂ1 Xy +/82X12 +ﬂ4X137

(28)
Vz = /31 Xp1 + ﬂz Xy t+ ﬂsxzs-
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For the first alternative, we include a fixed constant term. For the first and second
attributes, generic parameters are assumed whilst for the third attribute of each
alternative, the parameters are assumed alternative-specific. Parameters g, £,, and £,

are assumed random, following a normal distribution, S, ~ N(x,,0,), k=1,2,3. The
attribute levels used are x;, ={5,10,15}, X;,=x%,={0,12} and x,={0,1,2,4}. The
following prior values are used: g, =-0.5 g =-0.05 o,=0.02, u =-0.9,

0,=0.2, 4,=-08, 0,=0.2, and S, =-0.2. We generate each design with 12 choice

situations. The final designs are replicated in Table 3. The computation times for design
generation are 28 seconds, 104 minutes, and 332 hours, for the MNL, cross-sectional
ML, and the panel ML model, respectively.

Once again, the results for the third case study mirror those of the first two case studies.
As would be predicted, an econometric models would be expected to be statistically
more efficient when applied to data collected using experimental designs constructed
specifically for that design. Also the MNL and panel ML model perform again in a quite
similar fashion, while in the cross-sectional ML model very large sample sizes are
required to be able to obtain reliable parameter estimates for the standard deviations.
The panel ML design performs poorly when estimating the cross-sectional ML model,
and vice versa, the cross-sectional ML design performs poorly when estimating the
panel ML model. The MNL design looses some efficiency when estimating the ML
models, but performs relatively well.

5. Misspecification of the prior parameter values

In constructing each of the designs, we have assumed that the prior parameter values
correspond to the true parameter values held by the population. This represents a strong
assumption that is unlikely to hold in practice, but it is necessary for creating efficient
designs. To test the impact misspecification of the prior parameters has on an
experimental design once generated, it is possible to fix the design and apply different
sets of priors to it and in doing so recalculate the expected AVC matrix.

Let us assume that the true population parameters for the third case example were really
B, =-0.5, g ~N(-0.07,0.03), g, ~U(-1.1,-0.8), S, ~ N(-0.6,0.15),and g, =-0.3.

As such, for the first random parameter, the mean of the parameter is larger in
magnitude as is the standard deviation relative to that assumed in the design generation.
For the second random parameter, we assumed a normal distribution with some given
priors in the design construction, but now we not just assume different priors, but
actually a whole different random distribution, namely a uniform distribution. The third
random parameter is assumed to have a smaller mean and standard deviation than
assumed in constructing the design, while the final parameter is maintained as fixed but
has an increased magnitude. Table 4 details the new efficiency measures for the three
designs given in Table 3, as well as the percentage change of these values.
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Table 3: Case Study 3 designs

MNL Design Cross-Sectional ML Design Panel ML Design
Attributes Attributes Attributes
s j  fn Xj2 X3 X1 X2 X3 Xj1 X2 E
1 1 5 2 1 10 0 2 5 2 4
2 15 0 2 10 1 2 15 0 2
9 1 15 0 3 5 0 1 15 0 4
2 5 2 0 15 2 0 1 2
1 10 2 3 15 1 1 5 0 2
3 2 10 0 1 5 1 0 15 1 0
4 1 10 2 3 15 1 4 5 1 2
2 0 1 0 2 15 2 1
5 1 1 1 2 8 15 1 1
2 15 1 0 15 1 2 10 0 2
6 1 15 2 2 10 2 2 5 1 3
2 10 0 1 10 0 1 15 1 1
; 1 15 0 1 10 2 3 15 0 4
2 5 2 0 10 0 1 5 2 0
1 10 1 2 10 1 1 15 1 1
8 2 10 2 2 10 2 1 5 2 0
9 1 5 1 4 5 1 4 10 2 2
2 15 2 0 15 1 0 10 0 1
10 1 15 1 4 15 0 8 10 2 1
2 5 1 2 2 2 10 0 2
1 1 10 0 2 2 2 10 0 3
2 10 1 2 15 0 1 5 2 1
1 5 0 4 15 0 4 10 2 3
12 2 15 1 1 5 2 0 10 1 0
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Efficiency results when design is applied to different model forms
Model Assumed for Design

MNL Model Cross-Sectional ML Model Panel ML Model
D-error D-error D-error
MNL 0.137 MNL 0.149 MNL 0.146
Cross-Sect. ML 2.026  Cross-Sect. ML 1.007  Cross-Sect. ML 1.567
Panel ML 0.242  Panel ML 0.282  Panel ML 0.222
A-error A-error A-error
MNL 0.368 MNL 0.362 MNL 0.445
Cross-Sect. ML 196.281 Cross-Sect. ML 9.542  Cross-Sect. ML 31.883
Panel ML 0.700  Panel ML 0.655  Panel ML 0.622
Sample Size Sample Size Sample Size
MNL 30 MNL 35 MNL 34
Cross-Sect. ML 252448  Cross-Sect. ML 21518  Cross-Sect. ML 104965
Panel ML 408 Panel ML 1164  Panel ML 282
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From Table 4, it can be seen that misspecification of the prior parameter values can
have a significant impact upon the overall efficiency of different designs. Indeed, the D-
errors increase for all designs when applied to the appropriate model forms, hence all
designs are loosing efficiency due to incorrect priors. Although the D-error for the MNL
design applied to the MNL model increases, the sample size actually decreases. There
are two reasons for this. First, the D-error represents a form of average over all
parameters, while the sample size requirements relate only to parameter that is most
difficult to estimate (see Bliemer and Rose, 2005). Thus, it is possible that on average,
the standard errors for each design are decreasing, but that the largest standard error
within the AVC matrix actually decreases, thus requiring smaller sample sizes for all
asymptotic t-ratios to be statistically significant. Secondly, the most difficult to estimate
parameter was the standard deviation of the first normal distribution, and since this
value has increased from 0.02 to 0.03 it will lead to the similar t-ratios with lower
sample size.

Nevertheless, for design efficiency to be truly translated into estimation efficiency, the
parameter priors assumed during the generation process should be as close to possible to
the true, but as yet unknown, population level parameters. To ensure that this is the
case, a number of strategies are available to the analyst. Firstly, a literature review or a
pilot study (e.g., using an orthogonal design) conducted on a small sample may yield
sufficient priors for use in constructing the design. Secondly, the analyst may consider
updating the design throughout the data collection process based on priors obtained
from sequential analysis of accumulated data, as suggested by Kanninen (2002). This
latter strategy should not be confused with adaptive conjoint however, as no within
respondent design updating occurs. Rather, more efficient designs are given to newer
respondents. Thirdly, more robust efficient designs can be generated, so-called Bayesian
efficient design, that are not optimized on a set of fixed priors, but rather on a set of
prior distributions, reflecting the fact that priors are not known with certainty, see e.g.,
Bliemer and Rose (2008), Kessels et al. (in press), Sandor and Wedel (2001). This last
strategy can be combined with the first strategy, where a pilot study is conducted and
the parameter estimates together with their standard errors can be used as Bayesian
priors to construct a Bayesian efficient design. Unfortunately, this adds significantly to
the design generation time again, as the Bayesian efficiency needs to be simulated with
draws over the random priors. In the panel ML context, due to huge computational
complexity, this does not seem feasible within reasonable time constraints.
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Table 4: Case Study 3 Impact of Misspecification of Prior Parameter Values

Efficiency results when design is applied to different model forms
Model Assumed for Design

MNL Model Cross-Sectional ML Model Panel ML Model
D-error *
MNL 0.148 (+8%) MNL 0.165 (+11%) MNL 0.162  (+11%)
-% Cross-Sect. ML 2.983 (+47%) Cross-Sect. ML 1.723 (+71%) Cross-Sect. ML 1.791  (+14%)
g Panel ML 0.256 (+6%) Panel ML 0.254 (-10%) Panel ML 0272  (+23%)
@ A-error *
ﬁ MNL 0.381 (+4%) MNL 0.376 (+4%) MNL 0.500 (+12%)
5 Cross-Sect. ML 428.620 (+118%) Cross-Sect. ML 44.721  (+369%) Cross-Sect. ML 77.059 (+142%)
§ Panel ML 0.735 (+5%) Panel ML 0.659 (+1%) Panel ML 0.839  (+35%)
3 Sample Size *
§ MNL 14 (-53%) MNL 17 (-51%) MNL 18 (-47%)
Cross-Sect. ML 1749011 (+593%) Cross-Sect. ML 146414  (+580%) Cross-Sect. ML 84728  (-19%)
Panel ML 374 (-8%) Panel ML 279 (-76%) Panel ML 388 (+38%)

* Values between brackets are the percentage change

6. Conclusion and discussion

The generation of SC experiments has continued to evolve over the past two decades to
become an increasingly significant but complex component of SC studies. We contend
that the generation of SC experiments is critical to the success of any SC study and that
failure to correctly construct an appropriate design may result in erroneous findings.
This paper addresses the issue of how to generate efficient SC experiments for the panel
formulation of the mixed logit model, which recognizes the fact a single respondent
faces multiple choice situations. We have attempted to show via the use of three case
studies, the importance of generating experimental designs specifically for econometric
models for which they are likely to be applied to once data has been collected. It turns
out that generating efficient designs for panel mixed logit models requires a much larger
computational effort than generating designs for the MNL or cross-sectional mixed logit
model, due to mandatory virtual sample generation. Furthermore, designs that are
efficient for the cross-sectional mixed logit model are typically not efficient for
estimating the panel mixed logit model, and vice versa. In the three case studies
presented, the efficient design for the MNL model performed relatively efficient for
estimating panel mixed logit models, although some efficiency will be lost. Given the
fact that generation of panel mixed logit designs is much more computationally
intensive, a good starting point would perhaps be to generate an efficient design for the
MNL model and evaluate the efficiency this design under the panel mixed logit model
assumption.

A critical issue in the construction of efficient designs is what constitutes the best source
for determining the priors used in generating the designs. This issue leads to several
questions that analysts must address. Firstly, should a pilot study be conducted, and if
so, what represents a sufficient sample size to obtain the priors? Alternatively, should
the managers and other practitioner’s beliefs be incorporated into the generation process
and how best should such beliefs be captured? These questions remain unanswered and
are in urgent need of examination.
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Further, the current literature on generating experimental designs has clearly
demonstrated the requirement that efficient designs be constructed such that they relate
to the final model likely to be estimated as part of the study (otherwise they loose their
efficiency), making the generation of efficient designs difficult, a message mirrored
within this paper. Firstly, the analyst may not know the final model form until after the
data has been collected. Secondly, the rapid increase in the econometric modeling
available to the analyst has left the experimental design literature well and truly behind.
What is urgently required is a detailed study beyond the case studies here to determine
the likely consequences of mis-specifying not only the priors, but also the model form
used in generating efficient SC experiments. It is imperative that orthogonal designs not
be immune from such a study. Further still, the work on efficient SC experiments has
largely remained theoretical. Most research tends to use only one design, whether
orthogonal or efficient, and as such, there exists little evidence in practice that efficient
designs will outperform other designs, despite an expectation that they should do so. As
such, practical research involving data collected using multiple designs is urgently
required. Indeed, the question of statistical efficiency versus behavioral efficiency
remains a fertile area for future research examination.

This paper also suffers from a number of limitations. Firstly, although we have
employed three different case studies, each involving designs with differing design
dimensions, the paper fails to examine the impact different design dimensions play in
terms of design efficiency for mixed logit designs. Does having more or less choice
situations impact upon the statistical efficiency of mixed logit designs and in particular
mixed logit designs constructed for panel data? Does having a wider attribute level
range improve or detract from the efficiency of such designs? Similar questions can be
asked as to the number of attributes and alternatives of designs? Whilst these questions
have been asked about designs generated for other model types and answers attempted
to be given (see e.g., Bliemer and Rose, 2005, and Rose and Bliemer, 2005), we have
not attempted to address these issues here.

Secondly, in constructing our designs, we have assumed that each prior parameter is
known perfectly a priori. For example, we have specified an exact mean and standard
deviation for varying random parameters used, or exact lower and upper bounds for
uniform random parameters. Sandor and Wedel (2002) however, demonstrated for the
MNL that significant gains can be achieved if prior parameters are drawn using
Bayesian distributions, rather than fixed values, thus incorporating a degree of
uncertainty into the prior parameters used during the design generation process. For the
current study, we have not done this. At issue is the fact that for random parameters,
two population moments may be unknown, thus requiring the analyst to impose a
Bayesian distribution for both a mean and standard deviation parameter for example.
This significantly adds to the complexity of the design process, however doing so may
generate designs which are more robust to misspecification of the prior parameter
estimates.

Thirdly, in generating the designs within this paper, despite letting go of the principle of
orthogonality, we have remained true to the wider experimental design literature in
other ways. In particular, we have imposed attribute level balance within each of the
designs. This means that each level of an attribute will appear an equal number of times
over the course of the experiment. Whilst there may be reasons for doing this, there may
also be arguments for not doing so. To understand the argument against this imposition,
consider that attribute level balance acts as a constraint in terms of allocating
appropriate attribute levels across a design. For example, a particular choice situation
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may be improved if one particular level is swapped with that of another choice situation,
however the swap may detract from the second choice situation. In this way, attribute
level balance may cause a number of choice situations to include dominant alternatives,
despite the design being overall more efficient. This problem was identified by
Kanninen (2002) who proposed allowing one attribute to be continuous, and found for
the MNL model that substantial efficiency gains were possible. Similar research for
more advanced models is necessary.

Finally, this paper has sought to address the issue of designing SC experiments allowing
for correlation between choice responses across choice situations. The paper does not
however seek to outline the algorithms, etc. for locating more efficient designs. For
those interested in these algorithms, we refer the reader to other sources, in particular
Bliemer and Rose (2006) and Kessels et al. (2006).
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