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39 Design of choice experiments in health econoniics

Leonie Burgess, Deboruly J. Street, Rosalie Viney
and Jordan Louvicre

L Tatroduction

In many arcas of applicd economics, ceconomisls use ohservations ol actual choices, or
revealed preference (RP)Y data, o model behaviour, Individuads are assumed o make
wiility muaximizing choices, and utility functions are estimuted by analysing observed
choices. A need for stated preference (ST data arises when there are linited or o RP data
availible, because the good or service 8 new, nol provided in a market coniext, or there is
insulficient variability in choice attributes to obtain reliable estinuiies ol their effects. Sach
siluiations often arise in the health and health eare sectors, Discrete choice experiments
(DCEs) wre an 8P method of increasing interest in headth economics hecause they allow
analysis o preferences lor complex, nulti-attribute goods like health care. DCBs were
developed in markeling and transport research and are applied elsewhere (for example,
environmentul cconomics und telecommunications) (Louviere et al., 2000). Since the first
application of DCEs in health (Propper, 1990) there has been rapid grow th e their use
{Viney et al,, 2002; Ryan and Gerard, 2003).

DCEs ask individuals to state prelerences in surveys designed Lo simulate marhet
cholces. Respondents evaluate & series of choice sets that each have sroptions, and choose
their prefeered option in each elioice set. Options ineach choice set are described by attrib-
utes (which may be quuntitative or qualitative) that ace varied over a plausible und polivy-
relevant range, gencrally expressed as a sei of discrete levels. Responses are discrele
observations (one option in the clioice set s chosen, or ‘yes/ne” i€ culy one option is in
cach choice set), and diserete choice methods are used to estinmiate preferences from the
choices. By varying the atlribute levels of oplions aeross choice seis, one can gengerale dutit
Lo estimate the impact of attribules on utility. Teclusion of respondents’ personal chagac-
teristics alfows estimation of these ofTects ay well,

As numbers of atlributes and levels in experiments increase, numbers ol options awd
numbers of possible ways ol combining them 1o [orm cholee sets grow farge. Typically, it
is infeasible to present respondents with all possible choice sets: hence, experimental
design principles are used 1o select sumples from the set ol all the possible choice sets to
altow eflicient estimation ol attribute mutin eflects and inferiactions.

DCEs share some connnon lfeatures with conjotnt methods commonly used in market-
ing, and DCEs in health have sometimes been deseribed as ‘conjoint anutysis” (Ryan and
Hughes, 1997; Ratelife and Buxton, 1999), Both methods deseribe goodsfserviees in
terms of underlying attributes, vse experimental designs o develop sets of descriplions
for preference elicitation, and use statistical models (o estimate the effects of euch
attribule on preferences {Louviers, 2001a). 1However, in DCEs respondents are asked to
choose one oplion from those presented. rather than rasking or rating all options, and
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(e analvsis uses the rndom ulility model (RUM) as o behavioural theory. Thus, DCEs
are cuns’istcm wilh economie theory (Flanley and Mourate, 2001). and can be designed
rer simubitee res] market situations (Ryan wrd Faevar, 2000), paeticulagy il the oplions pre-
sented i choiee sels jnelude "do not choose’ when ol chousing is feasible (Louviere,
2001a). . .

Economic analysis based an DUEs dilfers rom most em pitical research in economics
ecause the ditit aze derived [om experintents designed by the researchers o answer
specific guestions, rather thun from administrative data or statistical colltul?onsi DCE
resenrchiers decide what dada are 1o be collected. and design the date collection inslre-
ments, including deciding the combinations ol opifons to present to respondents. This
pequires the researcher o consider i advanee ol data cullectinn. what l_nodels and
forms of ulility function are to be estimated, and, particularly, any interacons among
attribytes. As data coileetion is costly, one shoubd design experiments to maximize the
information thal can be oblained, ensuzing il relevant attributes are included wiih an
appropriate range of levels, However, DCEs can be complex cognitive l'.is_ks, su il Is
abso important 10 consider how complexity might impact on tespondent choices, and in
urns on model estimates. This chapler focuses on identilying issues relevant to the
design and developnient of highly eflicient DCHEs. The chapter provides a guid‘e to the
principles of ellivient experimental design, and directs readers to key sourees for more
mifosmation.

2. Understanding choice behaviour in designing choice experiments o
Conceptually, individuals’ choices are based on an underlying choice process, which is
asswmed (o be utility maximization, Potentially unknown fuctors can afleet consumer
choices so some factors relevant to choices will be unobserved or unobservable, and indi-
viduals” choice processes and preferences are likely to differ. One cannol measure ;lmd
include alt relevant Factors in any choice experiment, which has two important mmplici-
tions: 1) the data collected limit the models that can be estimated; and 2) which options
are presented (and how) and which responses ure obtuined, and hmfr they are measored,
can alfect response variability, which impacts on the quality ol inferences. The goal of
datzt collection and madelling bs to minimize the unexplained variability in the observed
choices by including as many fuctors as possible that systematically wl¥ect choices aad by
minimizing random variability (noise) in choices.

Factors nol explicitly measured ar incheded in models contribute 10 rumdom error vari-
ance, and there is error in the measurement ol responses in choice experiments (like all
measurement msiruments). There s also inherent variubility in individuoals® responses lo
suevey questions, which can inerease il tasks are dillicull or SUrveys L!(? not provide con-
plete information about factors relevant to decisions. In destaning DCEs one must con-
sider how all aspeets of duta collection alleet response variabilily and how o ensure that
DCEs provide the maxbaum information at exch stage. N

Coneeptualizing the choice process involves understanding individuals™ decision-
making contexts, options likely to be available, how aptions are presented, and [actors
it are likely Lo drive choices. The policy confext must be considered, as well as
how respondents are likely to interprer choice sets that they evaluite. Accurate con-
ceptualizalion of choice processes involves literiure reviews, qualitative research, and
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(eratived pilot studies. Design and Mraming of DCB wsks shoubd consider wheilier
choices are once-oll or repeated, Uie importence of the outcome of the cholee (is it a life-
or-death decision, For instance), and how famibizr isdividuals are with the decision-
making context. Tn many DCE contexts like transport made choice, choices are Fmiliar,
However in health care, decisions may be made undder stress, options maay be less Samiliar,
and there may be serious consequences. Decisions fike choice ol healil insurance may be
famidiar to alt individuats, but other health decisions, sucl as choices about medical inter-
ventions, may require provision ol detailed information about the chotee context and the
altributes of options.

One must also consider whether combinations ol aliribules and levels presented in
chaice sets ure not [easible or credible, in which case adjustiments must be made (o the
design and presentation. As previously noted, becawvse paramelers ol choice models
cunnol be estimated independetly of random errer variances, factors that increase errar
varizthility [ike task complexity or unrealistic attribute options may lead Lo more variubil-
ity und possibly biused parameter estimates; see Lowviere et ul, (2002 und (2003). Fhere
is often confusion about the idea of leasibility in DCEs, What rescarchers or policy-
makers know Lo be “feasible’ is irrelevant in DCEs. Concerns aboul feasiblity should
arise only if respondents regard particular combinations of attributes as nonsensical,
resulting in credibility issues. Feasibility issues can be adidressed by traming an appropri-
ate explanation in the instructions for what might seem unlikely. Eliminating "inleasible’
oplionsfsets can resull in loss of elliciency and orthogouality, which can cause serious
bias, particularly in smadl designs. Thus, efforts should be made prior to feldwork 1o
determine whether leasibility is a real ssue for respondents,

3. Diserete choive experiments, random utifity theory amd choice models

A DCE consists ol a set of’ & choice sets, cach withn oplions. Respondents evaluate each
choice set and choose one option (or possibly "none of these’). Euch option in a chofee
selis desceribed by & attributes, where the gth atlribute has /! levels, = |, ..., & Theattrib-
utes miy be generic (common across options) or oplion-specilic (hefonging only to a par-
ticular option}. The options may be labetled. to allow atifities specific to a product or
brand {{or example, medical intervention, surgical mtwrvention), or they may be unla-
belled (intervention A, intervention B).

Analysis of DCEs is bused on Laneaster’s theory of value, which ussumes that utility
is derived from the underlying characteristies or attribules of goodsfservices {Lancaster,
1966). and on the Random Utility Model (RUM) (MeFadden, [1973; Manski, 1977).
Uilily is not directly observable but can be estimaled from observed chofees.

Consider a choice experiment in which there are & choice sets, exch congisting ol mr
options, 7, 7;,,. . ., T; . Given these a1 options. we assume that if the individuat chooses
option 7. the utility of choice T3, Uy, is the maximum among the m utilitics. Under the
RUM, the indwvidual’s indirect utilicy funetion for a particular option is assumed o hyve
a systemadic component. Vi, and a random component, &, so U, =} + g = Y08 b g,
where [, is a veclor of variables representing observed attributes ol option 7, and 3 i
the vector of coellicients 1o be estimated. The random component may be due Lo unoh-
served or unobservable attributes of the choice. tunobserved Laste vaciution or measure-
nient error (MceFadden, 1973; Ben-Akiva and Lerman, [985).
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The estimated modef depends on assumptions made about the distribution of the
random component and e nature of the choice being modelled. B is commonly assunied
that the &, are independenty and identically distribued with a Gumhel disteibution,
leading 1o 2 multinomial logit {MeFadden, 1973), where the probabiliy that an individ-
wil chooses T, is given by:

PUT T T =P > U st ()= PLE, — F, we, — e )=
-t B ) 1 n 1 it

The parameter w is a positive scade parameter that is inversely proportional to the vari-
anee of the ruadem component. TLUis not possible to estimate the medel cocllicients sep-
arately from the scate parameler. and it is commonly assamed that = [ When responses
from g series of choiee sets are observed lor one individual there may be correlation
among the &, for tha individual, which needs to be tuken into account in the analysis. For
example, one can include individual fixed effects in the systematic ulility components, or
estimate random parameter models such as the mixed logit model.

To discuss the desien ol diserete choice experiments, iis uselul (o Toliow Burgess and
Street (2003) and deline w7 by In(w,) = ;. Then

SPILS L IR g WMAJ.M
P]()',-i -~ F,-_,. e [,-m) = zm -
i< A
fard, =1, 2. ..., ¢ treatments, where no two treatments are the smne, Maximum likelithood

muhods iwre u:,c.d to estimate the m,

Mere information can be ohl‘smui from a DCLE by using d]’)[’iloplldlb groupings of
options. PCE designs can be compared by using the generalized var iance ol the parame-
tor estimates, called the D-opimal vatue of the design. The variance-covariance matrix of
the parameter estimiates is the inverse ol the Fisher information malrix; D-nplmm]
Jusigns will have the maximuwmn delenminant ol the inlormation matrix which is equiva-
fent to the minimuem value of the determinaat of the variance-covarianee nwtrix, Thus a
D-apiimat design is the natural exteasion of univariale minimum varinee eglimalors. fn
EE-Felbawy and Bradley (1978) the infermation matrix is defined to be = BA B, where
B is the matris with rows comprising the contrasts' tor the effeets Lo be estimaled (that is,
main eflects or main effects plus two-lactor interactions), and A is the matrix ol second
derivatives ol the likelihood function.

Todeline A we firstdefineh, 5., 4 = i a /N cwhiere s g,
is it choice set ad 15 0 otherwise. Then Llu, uums ol A are given 1>}
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where the summations are over all chotce sets thal contiain Hem T, (for the dingonal cle-
ments) and are over all cholee sets thal contain flems 73 and 77, tfor the oll-diagonal ele-
menls). Under the null hypothesis of no dillerences b(_l\\u,n the elfects of the fevels of
cach atteibute (that is, all @, = 1), A contains the proportions of choice sels in which pairs
of reatnwen(s appear together; see Burgess and Street {2003) and Street et al. {fortheon-
ing) for more details,

Stnee optimal designs maximize the determinant of the mformation malrix, we denote
the largest determinunt by det(”, ). For any design o with information matrix €, the
D-efficieney of o is given by [du(c J/dx.l(( N where pis the number of parameters Lo
be estimzted,

Example 1 Suppose that there are two atfributes, so k=2, and that £, =2 and f,=4
Suppose that the fevels are O and  for the tirst atteibute and 00 1, 2 and ‘a for the second
attribule. Then there are 2 X4 =§ possible options thal can be deseribed: G4, 01, 02, 03,
10, T, 12and 13, Suppose thit the choice sets are of size =73, Then there ave 36 distinet
choice sets ol this size: (00, 01, 02), (00, 01, 03), (00, 0L, 1D and s on o (11, 12, 13),
Suppose that we use (00, 01, 12} and (02, 13, 10} to be the choiee experiment. Under the
nult hypothesis the mutrices for these two cliotee selsare B, Ay and € in Tuble 38,1 These
two chojce sets are 86.0 per cent eflicient. A dingonat €' malrix vequires at Teast eight
choice sets: for example, (00, O, 12), (08, 02, 13}, (02, 03, [0y (03, 00, 1. (10, 11, 02),
(E 12, 03), (12,13, 00and (13, 10, 01) have a diagonal ¢ mateix and are optimal for the
estimation of main elTeets. Under the nult hypothests the matrices for these cight choice
sets are B, Ay and Cin Table 39,1

. _m

4. Design of choice experiments

Binary responige experinients

In binary response experiments respondents are shown treatment combinalions vne-at-
w-lime, and are asked whether they would choosefuse cach or not. IF one wanty Lo esti-
mate the main cffects of attributes independently of cach other, the optimal set of
treatiment combinations to present to respondents are those rom an orthogonal maia
elfects plan (OMEDP) (olten called a resolution 3 design)? in which all Levels of all attrib-
ufes are equaily replicated. If the goal of the experiment is to estimate bolh main ¢llects
and two-lactor interactions independently ol each other, the optimal set of treatment
combinations 10 show to respondents form what is known as u fractional factorial design
of resolution 5.* Some OMEPs and desigas of resolution 3. tagether with definitions, may
be lound in Sleane (20035).

Gunerie forced clhaoice experiments for madic gffects onfy

Burgess und Street (2003) provide an upper bound for det{Cy for estintating main effects
only. Tt applies for any chojce sat size lor any number of atiribuies with any sumber of
levels. All atiributes can huse the same number of levels, or attributes can have dilferent
mumbers of levels. Recall thal B is a myatrix of contrasts for the effects of inlerest, 1 (he



Aarrvices for choice seis in Exaniple I (k

Tubde 3.1

Ior = IU’;’I =
et —
~l :fl «~l ol
- -
EATN A (R =
— .. o
ol i.(fl Pl ! ]
Il — LE et [E
= x>
At & e o
=
[t e, [‘...:2 (] '—'!I.—4
T e A
ot o~ [k ] -1
e =S LI =
e S Lo
[t cl o« P
—_r 1= ._jlej |2
SR b
S s e g
2 |2
- iy e 72
I e s ~
et e |2 e S
I P o
| 1 r:’l (o] i cl

1]

=)

L]

0

-

¢

«l

[o¥]

1

ol

420

e

i

J— -
< = =] —
> =) — N =1
o= — N = ==l

| ] = =

. '

i
s ]
I
-
o
i
Lol
N

pe— L]

- |l L'
e o —|& —im
P =
-2 Ii'f’ —lo __‘JU;
e ]
=N e
110 E*n
—_ ‘;‘ — Il =1
g L
+ e
"‘fo\‘—‘o';"“lcr‘. l.@
— o
i
]
=
Il
)

Desia of chaice experinmens in healely coonomics 421

main eflect of atlribute g, which has / evels, is of interest then B will contin / - 1
rows that correspond (o i’m I indupmu[cul contrasts {one tor each degree of (teedon
associated with that attributle. Any set of 1‘ = [ independent contrusts resislls tn the sume
information matrix and hence the same vhumuu covariance matrix of the purameler esli-
mites. For cach attribule vne finds an appropriate sel ol contrasts and these are ased as
the rows of the matrix £ to caleudute the inforimtion matrix C=BA A"

Onee the Cmarteis Tor o DCE 3s caleulated, the statistical etficiency of the design can
be caleulated. The D-effiviency s given by [det(¢) / dei ¢ i) N where pis the nnmber
of parameters to be estimated in the model. For designs thiat estintale nutin eflects only,
p=2 (0~ 1). The maximum possible value of the determinunt of Cis

det{ C

A '
np! = I—I *ﬁ““““““*"’me—w;:-.._.“

- m:'(z'q--l) _{_I /,

i—lizcq
where
.
1= 174 =2 ]
(i — 1)/4 /q 2 odd,
. i ['.' =2 i even,
g (it = {Iq.\'2 F2ap 402 2 .’,', <,
mim—1)/2 L=

and positive integers v and psatisly theegquutionnr =/ v+ - for0= petf W8 jsthe maximim
aumber of differences in the levels of attribute ¢ tincach choice set. Fenee, wn optimal desion
is one where the maximum number of level differences is attained for each attribute.

To construct designs that are optimat or aear-oplima, an OMEP &5 required. The
OMEP is used to represent the treatiients in the first option ol cach choice sel. Systemutic
level changes are made so that there are as many pairs of options as possible with different
levels for each attribule in cach cheice set. TFor atteibutes with two levels this gives the
loldover puirs advocated in Louviere, Hensher anrd Swait (2000, for example. These Sys-
tematic changes are cquivalent to adding generators, using modulur arithmetic, to the
OMEP (o create the rest of the oplions in the choice sets. [nimost situstions Lhese gener-
ators are not wnique and different gencrators can give rise 10 equally good designs; see
Strect et 2f, (furthcoming) for instance.

Lxample 2 Suppose that there ure £=4 attributes and that /, =£,=2 and {, =/ =
There is an OMELR with 16 treatment combinaions available; LdLh Tevel of !Ilu 2 EL.\'L.I
attribudes is replicated § times and cach level ol the d-fevel attributes is replicated 4 times,
The 16 treatment combinations in the OMEP are used as the lirst option in the 16 choice
sets. The other oplions in each choice set are obtained by adding  penerator. For instance,
use the generator LN (or TEI2 o0 TE3 1 or 1133) to et choiee sets ol size = 2. The addi-
tion is done modulo 2 in the fist two positions (so d +0s i+ l=0and b+ 1= + 0= 1)
und is done modulo 4 in the thid and fourth positions (so | +3=2+2=0anl 214 3=1,
for example). Thus the ficst choice sel is (0000, Q000 -4+ 111 whicl is (0000, (1] l). for
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Tuble 392 Maby offvers onlvs tvo agteibrces wirl i fevels, fvo arivibades witll four
fevels

Choige sets

000,111 L5 0011122y, (0122,1033), (01331000,
QG121 1335 00N EH (0130, 1001 ), (0121,1032),
(I023.0130). (10320103 (1101001 231 oo,
(103101023, (10200130 L1 348020). (1 102.06013)

in penerlors #oels LT

11 Ho Pl

(OO0, LTETEI22Y, 003 [, 1122,1133),
(122, 1033, 100010133 F000 01T ),
(O012,0523.0130), (0003 1 LI0. 112,
{O130,5001,1012), ¢0121,1032,1003),
(102301300801, (1032010301 L0},
(1100820023, (TT10,0021,0032),
(1031.0102.0113), (1020,0131.0502).
(L113,0020.003 1), (1102001 3.0020)

P, 22 0] it

st

4 ar. 16 00T ODOA0111,1022,1133). (U0F1,0122,1033.1100).
1232, (D122.0033,1100,101 1), (0133,6000,1111.1022),
j133 (0012,0123,1030. 11013, {0DB3,0110,1021,1132),

(013000011112, 1023), (D121,0032.1103.1010),
(1023, 1130,0000.0112), (1032,1103.6010.0121),
(LD I0E2,0133,0030), (11160,1021.0132,0003),
(H31,1HT.0013,0020, (1020, 1131,0002.0113),
1113.2020,0135,0002), (1 192.1013,0120,0031)

nstance. The 16 choice sets that result are given in Tuble 39.2, Examples with r=3 und
m=d e also given in the table. See Burgess and Steeet (2005) or Street et al. (lorthcom-
ine) for more on choosing generalors.

Getierie cliotee experimtents for niein offeets plus hwo-factor interactions
11 all astributes have two levels, the optimal design consists of all choice sets in which the

aumber ol attributes that differ hetween any pair of profiles in the choice setis (5 + 1)/2. 11

Eisodd, orff2 o k2 + L kiseven{Burgess and Street, 20003). Furthermore, the maximum
pussible determinant of C lor any choice set size has been determined und iy given by

(= )&+ 2)|FrRh-nal X even
AL AN v
et C° mik 4+ 124 )

e =

) ™ ((mﬁw Lk + 1)}"”“"“”’1

ko,
pak Ak

The D-efficiensr ol any design is given by [dei(<) / cicl(('w)|”". where p s given by
p=hkob k{k =12 when all the attributes are binary. In generab p =X, (/- D+XE

U=t -1,

O P e
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Tuble 393 Alain effects and oo factor interactions: forr aiteibaies with Deo fevely

n Cenentors  #sels i Chuoice sels
2 L1, 24 G- (OO TETN, (OO 1 1D GO TOEHTOG 0L Loy,
HITNN (00, 1010y, (L0 T Ly, 0 H 1000, (03 L i,
arll (0B TO L3 000 L 100, ¢G0T, Fu L), i b E 100,
OO0 D, @IOE 1Ly, (oo 1oL, ol iy,
(QOnDAE Ly (Do a0y, (ot D, it Lo,
(ROOGTTUE), (1001, 801, (20101 10E), 4208111008
3 | 1o, 32 B (CODO RO, (OGO, TTOLUH ., @i to b o oo,
0ity GILE LT TR D10, (DR L0000, {010 1801008 1),
wnd (OTEO O RLO000), (O LT dl oo by, (Lugo 0o i i,
| 14D, (EOOTOLGE T, oot fO T Iomy, CloF Ll ity
o1l CHIDDO0HLTOE0), (00061, T0L L), (H 19,6010, 1n0;,
CELELOOLL 00Ty, (0000, LoDy, (0001, LLOG 01 I,
OGLO L HTOOTL DD LLE O, {8100, 160,001 1),
(HOE, 100000800, ¢ 10 1014,000 13, (111,501 LKGD),
(CEOROLOOET T, (CHOOT T LT, (18108 110,1101),
CLOTROTTE T LOU), (1 60000, 101 1), (HIpLonn] 1uios,
{(THLO00BLI00 Dy (11 TE 1 00y
4 {10, 16 9oL (RGO, LTODE L0, E01 1), (OUOE L1000 L] 1),
o110, (001011100100, 1001 ), {031 1L EH 001, 00,
1071 (016010000010, THELY, (D30T 180G T TG),

(0110, 1010.0000.1 (01, (01 11,105 LA00E, T T00),
CLOOOEN0.E TIO01 8y, (10010191, 11 L10010),
LD 110, 1I00.0001). (0TI TETI0L0000),
(HHO00D 0L T, 41 THL00 L T0LL.0T10),
(L0000, LOe00E0 1, (1] 160110010100

Example 3 Suppose there are A= binary atteibutes. Then the only resolution 3
design consists of all [6 trealiment combinations. Table 39.3 shows some good designs for
choiee sets of size 2. 3and 4.

When attributes can have any number of levels. and choice sets can be ol any size, an
explicit expression [or det(C) in erms ol the dillerences between the levels of cach
attribute in the choice sets is provided by Burgess and Street (2003). Mo general con-
structions itre known, bul Burgess sid Strect (2005) give optimal destens for some specific
values of & and s A method similar to thal given for main elfecls oaly can be used 1o
construct choice sets wnd the det( (") vutues compared to chioose the best design.

Choice experiments with constunt opiions

Lix this section we consider two types of choice experiments with constant options, the
none of these” option and u common base option (for exanple, the status quo). Street
and Burgess (2004) consider both types, und show (hat the desigas that are optimal for the
generie [orced chaice selting aiso are optimal when a none of these” option is included in
ench choive set. huCdesigns with o none of these” aplion are nol as elfivient al estimating
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main effects as o forced choice design of the same size, [neluding 2 none of lhcsc‘.uplitm
iy be more realistic and certainly means that interaction effects can be estimated,
athough aefliciently and not necessucily independently: see Street and Burgess (2004).

Sometimes each treatnent combination needs Lo be compazed o a common lbusc
oplion, [ this situation the optins design is one i}l thc'h all the i!‘\'.‘lllllll;‘lll.C('mlbl‘llllll()n.\,
imeluding e common base oplion, torm an OMEDR This can alwiys he accomplished by
i suitable renaming of the atribuic levels. o

Street and Burgess (2004) give an expression lor det( ) ibrklhis situation. Assume that‘
all levels ol all attributes are equally replicated and let p = ‘.’3,,;|(1’q = 1) {tolal degrees of

l [ in efl = | and assume that the 2P has ¢ treatmeats. Then
frecdom for main eflects), L= 115,/ and assume that the OMEP has £ reatmie

7

det( ) = (_I(::im)mf 7

Thus we can also eviluade the efficiency of the DCEs with 4 common base relulive to

) H 1 v el lew =) 3 I > S|
generic foreed choice designs as well as observing that the smallest OMEP is the most
ellicient if o common base must be used.

5. Unresolved issues in choice experiments .
i{csuus exist for the design of oplimal choice experiments when o:‘ﬂy sorms uttnbu%cs are
presenied Lo respondents in each choice setand all :mrihu(_us are l)mary.((frusshull etal,
2003}, and for the general case (Burgess and Street, 20053 However, it is unclear ‘how
respondents deal with unpresented attributes, as noted by Bradiow et al. (2004) and [slam
et al. (2004). . . . o

There appear Lo be no results on the desizn of optimal ChUIF':: experinents whc.n cer lfun
combinations of atlribute Jevels cannot appear together, nor if one wants 1o avoid having
choice sets in which one oplion dominates @l others on all attribute lu\lfcis‘ .

Sandor and Wedel (2001} discuss Bayesian design of choice experiments. Kanninen
(20023 constrocts oplimal designs when attributes are assumed o be contizuous. More
work i3 needed on both of these problems. ~

This chapter has focused on models in the MNL family and there appear to be no
resufls on the design of optimul choiee experiments for any modet more complicated than
this. Much seeent work in economics, transport and marketing his lucu.sud onnew c.lu:;:;r?-s
ol discrete choice models that relax various aspeets of the assumplions iilelt _undcriu:
MNL models. For example, mixed logit modeis {lor example, l\r‘lcl-"addlcnl and Irzul_l. 2600
allow one to caplure forms of prelerence beterogencity, while relaining i[D‘l:.\"chmc
Value Type | errors; and vartants of heteroscedastic error models (lor example, .Swz_ut and
Adimowicz, 2001) allow one to capture and parameterize ROD-CONSLANL eITO Variances.
Unfortunately, at this time we do not know whether designs (!uvclql?ud for MN L nmdc!&:
can be used o estimale such other models. Thalt s, there are identitication issues associ-
aled with these more complex models, and there has been no work that maps the moded
propertics and constraints into design specifications.

These who wish to apply more complex choice models should note that a number ol

serious questions have been raised recently about them. For cxump!.c, Louviere {2008Dh,
200-k1, 200-H0), Louviere and Islam (2004), Louviere et al. (2004, Train and Weeks (2004)
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and Soanicr el al. (20043 have raised concerns about likely [ailire of real choice dala o
satisty constane variance assumplions. [ the ervors associated wilh choices do not exhibi
conslant varianees, there are serious confounding issues that can (e (o incorrect and
binsed estimation of muodel paramesters and associaled variances, with evidence now
revealing that estimates of willingness-to-pay not only can be highly unrealistic, but also
can difler by lurge orders of magnitude. More recent work on what they coll a “Seale
Drecomposition Muodel' {lor example, [slam el al., 2004) demonstrates that the errors do
not have constant variznce, but can be parameterized by specilying them as a function of
certuin design [actors und/or individual characteristics, While promising, i is unclear at
ths time how to construct designs thut are consistent with these maedels, or how 1o con-
struet designs that will maximize the statistica] clliciency of” the resilting model estimates.
Thus, more rescarch on these issues would be welcome as theoretical and nethadological
advances are outpacing advances in dusign research,

Notes

1. Forexampk for a 2-{evel attribute 2 contrast is the dilference Between the sum of the w, with the iigh and
tow levels ol the attribute, Polynomiad contrasts aze defined for attrbales witl: mere than two levels,

2. Inaresolution 3 design any combination of levels [rom any pair of attribuces appears fopether it the same
number of trestment combinations in the staed choice experinent,

3 Ina cesolution 3 design any cambination al levels 'mm sny four attributes appears weether in the sume
nmnber of (rewtsent comlsinations in the sted choice experiment.
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