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Abstract:

This paper examines the statistical properties roform design for stated choice
modeling. Estimation efficiency, prediction effingy and test power (i.e., the ability
to pick up significant effects or exclude insigoint effects) are selected as measures
of statistical properties. Both uniform design amdhogonal design are used to
generate profiles. The major experimental desigategies for multinomial logit
models including shifted pairs?*, 2° block, all pairs and McFadden’s sampling rule,
are used to construct choice sets from the profijleserated by both orthogonal
design and uniform design. Monte Carlo experimamésused to generate models,
whose parameters vary in scale. The results shawtlie performance of uniform
design in stated choice modeling is comparablbabdf orthogonal design.

1. Introduction

Stated preference/choice methods have become isktabl modeling tools for
transportation studies. At the core of these methedexperimental design, which
usually employs orthogonal design. The key of aytmal design is to balance
attribute levels and maintain orthogonalities betwaettributes. Consequently, the
profiles generated by orthogonal design are uswtigble and rapidly increase with
increasing numbers of attributes and/or levelss Thiparticularly significant for the
case of attributes with uneven levels (e.g., fease of seven attributes, two with 2
levels, three with 3 levels and two with 5 levels]east 900 profiles will be needed
by orthogonal design). Sometimes orthogonal depigvides no solution for such
cases. A large number of profiles imply huge castsmodel development and
substantial demand from respondents. Thus, ortlegiesign imposes constraints on
modelers regarding the numbers of levels and atg#to use. Recently, Wang and
Li (2002) introduced a new experimental design méthuniform design, which has
the potential to overcome the drawbacks of orthagaesign. This method selects
from the s-dimensional space (‘s’ refers to the bemof attributes) experimental
points or profiles that are uniformly (or evenlgpasiered in the space. The number of
profiles produced by uniform design is substantidlss than that by orthogonal
design. In addition, uniform design can easily hantie cases of attributes with
uneven levels and provide a reasonable numbeiofas.

However, the advantages of uniform design overogitnal design are not at
no cost. Uniform design only requires that attréblgtvels are balanced in the profiles.
Orthogonality, however, is not guaranteed. As botthogonality and balance are



usually considered important requirements for expental design, if orthogonality is
not maintained in uniform design, a number of goest regarding estimation and
prediction may be raiseétirstly, are parameters estimated from uniform glesiose
enough to the true parameters? Secondly, we okew o test the significance of
effects in model development. In such a case, wg make two kinds of errors:
inferring the significant effects to be insignifidaor the insignificant effects to be
significant. How would uniform design perform iniglregard? Can uniform design
limit the number of errors admissible? Thirdly, Wihe models developed from
uniform design provide predictions at acceptableuescy level? or specifically, are
the market shares predicted from uniform desigrseclenough to the true market
share?Finally, how is uniform design comparable to ortbogl design in terms of
these properties?

Wang and Li (2005) made an attempt to answer thasstions. However, the
study considered only fixed choice set design aiditi@e models. Other choice set
deign methods were not investigated. This papeenele the previous attempt to
comprehensively examine the statistical propemiesiniform design for the major
experimental design strategies for multinomial tagiodels (Bunch, Louviere and
Anderson, 1996), including shifted pait$¢, 2’ block, all pairs and McFadden’s
sampling rule. Estimation efficiency, predictiorfigéncy and test power (i.e., the
ability to pick up significant effects or excludesignificant effects) are selected as
measures of statistical properties. Both uniforsigie and orthogonal design are used
to generate profiles. The aforementioned experiaiemesign strategies for
multinomial logit models are used to construct chaets from the profiles generated
by both orthogonal design and uniform design. Mabarlo experiments are used to
generate simulated models, whose parameters vaheigcales. The three measures
of statistical properties are computed for and carag between different designs. We
concentrate the comparison on the stated choiceelsi@hd multinomial logit model
is our main concern. For stated preference modelsge existing results for studying
the properties of uniform design are summarized.fWgdy develop some notations
and asymptotic properties about the maximum likelthand predicted market shares
for stated choice models as multinomial logit madetonsidered, and then introduce
some measures for comparing uniform design andogaotmal design. Next we
describe the experiment frameworks and the MontdoGaxperiments. Results on
Monte Carlo experiments are followed by a summaiyawailable results about
uniform designs. Conclusions and Discussions ave/shn the last section.

2. Principles of Uniform Design

Assume the research question is to establish tfiehii@tween the response variable
Y andS attributes, denoted By, ,---, X5. The number of levels of these attributes is

denoted byg,,---,qg respectively. The total number of all possiblefies is given
by N= g, xq, x---xqs. The collection of thé\ profilesis denoted b€ °. Selectingn
profiles Z,,--+,Z, from C®can getn response valug = f(Z,),---Y, = f(Z, .) We
can estimate the expectationYofE(Y) by the mean value of theresponse values:
v=1312)
n

i=1



The research question here is how to seleat {heints, i.e.Z,,---,Z fromC?, so that

Y is the closest t&(Y), or has the highest accuracy. The upper bounthefgap
betweenY andE(Y) is given by the Koksma-Hlawka inequality (Niedr 1992):

A, = E(f(2))-Y £V (f)D(Z,,Z,,...Z,)

Where V(f) is the variation of the integrandon C°, which we cannot control;
D(Z,,Z,,---,Z,) is a discrepancy function, whose value is a fmctf the design
(i.e., then experimental profiles). According to the upper hduthe smaller the
discrepancy, the higher the accuracy of the magleDn the other hand, the more
uniform that the experimental points of a desige acattered, the smaller the
discrepancy of the design is. Uniform design (UB)such an experimental design
method that selects the experimental profileZ,,---,Z,, which are uniformly (or
evenly) scattered i6°. Uniformity can be measured by the so-called $tps
discrepancy (Hua and Wang,1981; Niederreiter, 1992 entered L2—discrepancy
(denoted byCD2) (Hickernell, 1998).

To compare uniform design with orthogonal desigasume there ar§
attributes each witly,,---,qg levels respectively. The number of profiles getezta

by the orthogonal design is determinedtby m, wheret is the lowest common
multiple of ¢, xq,,0, X0,,:*,0, Xqs,:,0s, Xds. The number of profiles generated

by the uniform design is determined tym, wheret is the lowest common multiple
of g,,---,q5. For example, suppose we have a case of sixwttsbtwo with 2 levels,

two with 3 levels and two with 7 levels. The lowestmmon multiple of 4,6,9,14,21

and 49 is 1764 (the least number needed by ortl@dglesign). The lowest common
multiple of 2, 3 and 7 is 42 (the least number eéeoly uniform design). That is why

the number of profiles generated by uniform dessgsubstantially fewer than that by
orthogonal design. Nevertheless, profiles generattftbgonal design are balanced
and orthogonal, but that by uniform design are ob&fanced but not necessary
orthogonal.

3. Notations and Definition of Measures

3.1 Notations
Consider a design consists Nf choice sets, indexed hy=1...,N, andJ, =the

number of choice alternatives in choice sefdenoted byC, ). Let z,, denote the

vector of explanatory variable for thpth alternative in choice set, § be the
parameter vector with parameters anifl be the number of respondents for a given
choice set. For multinomial logit model, the proitiagbof choosing thgth alternative
in C,, is given by:
Po ()= A)
Y. exp,' B

i0c,



for j=1,...,J,. The maximum likelihood estimator @ (denoted by[S’M) has the
following properties: ,@M is consistent and asymptotically normal and

v NM (,E’M - [) is approximately multivariate normal distributionthvzero mean and

a covariance matrix(5) ™" asNM - o, where
13 - -
I (IB) = _z Pjn (Zjn - Z”)(Zjn - Z”)
N = joc,
and
Zn =Y 2,P,(B).
joC,
[(B) is called as the “normalized information matrixdrfestimated parameters
(Bunch,et al, 1996).
Let C; be the test choice set with alternatives that we want to predict the

market shares ank, be the vector of explanatory variables for tfth alternative

in C; . P;(H) and x are defined similarly as above. Deno®,C;) be a
(J; —1) x1 vector with theth elementP;; (4 )for j =1...,J; —1. Applying the delta

method based on a truncated Taylor series expans®ian gelP(,@’, C;), which is

also consistent and asymptotically normal, a/fW(P(,E’M ,C;)—P(B,C;)), which

is approximately multivariate normal distributionthvzero mean and a covariance
matrix asNM - oo,

COV(B,C;) = X"I(B) " X,
where X is a matrix with thejth column P, (,@,CT)(XJ. -X) for j=1,..3; -1.

Similarly as above(X'l(£)™X)™ is called as the “normalized information matrix”
for predicted market shares. (SinBg, (S cap be determined by the firdt - 1

predicted probabilities and the covariance matri¥ e singular if we include
P,+(B) in P(B,C;) . Furthermore, if we can predid®(5,C;) accurately, the

predictors ofP, ; (B )will also be accurate.)

3.2 Definition of measures

According to Lothar (1984) and Shao (1999), statstproperties include estimation
efficiency, prediction efficiency and test powernrFestimation efficiency, a good
design is expected to estimate parameters as glasglossible to the true values. For
prediction efficiency, a good design is expectedptedict the market shares as
accurately as possible. In many textbooks, praahds considered as a special case of
estimation. However, in conjoint analysis, the raation of parameters and the
prediction of market shares are treated equallyomamt. Therefore, we need to
analyze both estimation and prediction efficiendpart from these two properties,
the ability to pick up significant attributes, i.¢est power, is also very important. A
good design is expected to minimize the probabitynaking erroneous inference
about the significance of the effects of attribuisnch and Batsell (1989) compared
different estimators for a given design from theewpoints of estimation and
prediction efficiency. Bunch, et al (1996) compadidlerent choice set strategies for
profiles generated by orthogonal designs in teringestimation efficiency. In this
research, our objective is to compare the perfoomaaf uniform designs and



orthogonal designs in terms of estimation efficigngrediction efficiency and test
ower.

i Estimation efficiency is often measured by the msrraround the estimated

parameters. The determinant bfg)™" is widely used for assessing these errors

(Bunch, Louviere and Anderson 1996, Kuhfeld, Toldad Garratt 1994, Huber and

Zwerina, 1996). Thus, the measure of estimatiomieficy is defined as follows:

ED =det( (B)™)"".

The smaller thé&ED value, the shorter the lengths of confidence watisrare and the

more efficient the estimators are.

In order to evaluate prediction efficiency, a telsbice set consisting of four
alternatives is generated, the attribute levelswbich are randomly distributed
between the upper bounds and lower bounds of iganal attribute levels. Similar to
estimation efficiency, the determinant GOV(S,C;) is used to measure the errors
around the predicted market shares. That is,

PD =det(X'l (B) " X)"r P,
The smaller thed?D value, the more accurate the predicted markeestae.

There are two types of errors in significance tegbe-1 error which infers
non-significant effects to be significant and typesrror which infers significant
effects to be non-significant. The probability of kitey type-I error is often denoted
bya, which is referred to significance level. Next wél consider how to calculate
the probability of making type-Il error. In sigraéince test, it@’M k lies in the interval

(-Z,,l0.,2,,,l0,), we will infer that the effect dk is not significant, wherer,

is the standard deviation ofM« and Z,, is uppera/2 quintile of normal
distribution.  Thus the probability of making typle-l1 error s
P(-Z,, W, <p"«<Z2,,,) if B, #0.After simple calculation, we can get

PEk = P(_Zalz D7k < /}Mk < Za/z ng) = ¢(Za/2 _%) - ¢(_Za/2 _%)1
k k

where @(x) is the cumulative distribution function of norndiktribution with zero
mean and one variance. Then the measure of testirgswhe average of probability
of making type-Il error, denoted b4PE The smaller théAPE the stronger the
ability of a design is in picking up the signifidaffects.

While, ED andPD are considered as the large-sample or asymptatpepies
for a given designAPE is a combination of small-sample and large-sarppiperties.

4. Study Design

Bunch and Bastell (1989) studied the performancediffierent estimators by
considering seven different designs and then géne the result. We adopt this
approach to compare the performance of orthogagsigd and uniform design.

4.1 Choice set design

Let’ us consider a design task, which involves ¢h2devel attributes and two 3-level
attributes. By applying orthogonal design, a ta@hl36 profiles are needed. Using
uniform design, one may generate 12 or 18 profitesrder to apply theL** strategy

for designing choice set, we select the 18 profilesign, i.e.l (18,2°3%), which is



listed in the Appendix. The profiles generated iy two design methods may be used
to form choice sets by the following six commonged strategies: all pairg’ Block,
BIBD, L™ strategy, foldover and shifted designs. For detaflsthese strategies,
readers are referred to Bunch, Louviere and Anaefd896). Since the foldover
strategy may not guarantee the estimation of pattwatility model and the
performance of BIBD is similar to that @& block, we exclude these two strategies
but consider only shifted pails, all pairs and2’ Block. For profiles generated by
orthogonal designd,® strategy can guarantee the orthogonality betweenwathin
alternatives. Shifted pairs strategy, which inchifi@dover strategy as a special case
for the two-level experiment, can only guaranteedhthogonality within alternatives.
2’ Block strategy makes the alternatives pairwiseefrehdent of each other across
choice sets. Botl2’ block and all pairs strategies do not guaranteeottiegonality
between and within alternatives. Table 1 companesnumber and average size of

choice sets by orthogonal design and uniform desanthe four strategies of
designing choice sets.

Table 1: Candidate designs for comparison study

Design Number of choice seté\verage size of choice sets

By Orthogonal design

Shifted pairs 36 2
2’ Block 40 18
L 36 2
All pairs 630 2

By Uniform design

Shifted pairs 18 2
2’ Block 20 9
L 18 2
All pairs 153 2

Table 1 shows that the number of choice sets Mlogonal design is
significantly larger than that by uniform desigm &ddition to the eight designs
generated by the four strategies, we add one mbeice set design, which is
generated simply by sampling rules. Therefore,dtaltthere are nine choice set
designs in our experiments. Table 2 lists thesgdss

4.2 Generating models for simulation

The true model affects the three measures of staliproperties defined earlier (i.e.,
ED, PD andAPE). Different models will generate different resulis order to obtain
reliable and general findings, we use Monte Caxjpeements to generate different

models (similar approach is adopted by Bunch arstélla1989 and Bunch, Louviere
and Anderson, 1996).



Table 2: List of choice set designs

Designs  Profiles generated method  Choice set girate

D, Orthogonal design Shifted pairs
D, Orthogonal design L2«

D3 Orthogonal design All pairs

D, Orthogonal design 2’ Block

Ds Uniform design Shifted pairs
Ds Uniform design L2

Dy Uniform design All pairs

Ds Uniform design 2’ Block

Do Orthogonal design Sampling rule

p
Define the scale of paramete®sald ) = Z ,B'k2 . By varyingScalé s ), we
k=1

may generate different models. Chapman and StéB882) discussed the effect of
Scaléf3) and its relationship to the interpretation of thBNL model, which is
referred to “Scale Theorem” in their article. Thearem tells that the larger the scale,
the more extreme the probabilities are. We adaogit tipproach of standardizing the
attributes to have zero mean and the variance ef ®imce the true model is unknown
to the researchers, it is useful to examine theethproperties over a range of
possibilities.

In order to differentiate two kinds of effects agdarantee the significant
effects are significant different from errors, tm@dels only include all linear main
effects of the attributes. The true values of taeameters are generated by drawing 5
independent values from uniform distribution withrange of 0.2 to one and then
rescaled so thabcalé S iy satisfied. For the signs of the parametersassime that
the partworth utilities monotonically increase ajonith the level increase for each
attribute. That is to say, all signs for signific@ffects are positive. We select three
scale values: 20% Exp Var, 45% Exp Var and 70% ¥&p In these three situations,
the Scal€¢)’s are about 0.64, 1.16 and 1.96 respectively.

Apart from the model, the number of respondéhter each choice set is also
influential on APE or the ability to pick up significant effect§o comprehensively
compareAPEvalues for different designa/e select 10 values fod: 10, 20, ..., 100.

To account for the randomness, we generate 10@Iséat each scale value.
For each model, we can calculd®#® and PD for each of the nine designs. To
compare the test power or the ability to pick umgicant effects, we can also obtain
100APEVvalues for a giveM and scale value.



5. Discussion of Results

Based on the values of the three measures foriieedesigns, we may now compare
the statistical properties of uniform design witfatt of orthogonal design in terms of
estimation efficiency, prediction efficiency andti@ower.

5.1 Estimation efficiency
As explained earlier, for each of the nine des@nd the three scale values, a total of
100 ED values are produced. To evaluate relative estimagiticiency of uniform
design to orthogonal design for the four strategfedesigning choice sets and that of
uniform design to sampling rule, we may analyzes¢héata in two ways. Firstly, we
may calculate the following eight ratios dED values: ED(D,)/ED(D; ),
ED(D,)/ED(D,) , ED(D,)/ED(D,) , ED(D,)/ED(Dy) , ED(D;)/ED(D,) ,
ED(Dy)/ ED(D,), ED(D,)/ ED(Dy) and ED(D,)/ ED(D, ). The 25% quartile, the
median and the 75% quartile of the first four ratior each scale value are listed in
Table 3. The medians of the last four ratios acgtgdl in Figure 1. Secondly, we can
use the idea of pairwise comparison to test whdiieralues of orthogonal design,
uniform design and sampling rule are the samelferdiven choice set strategy and
scale value. The test statistic hiadistribution with 99 degree of freedoms. The
results are listed in Table 4.

Figure 1: Comparing the relative estimation effigy of sampling rule to uniform design
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From Tables 3 and 4, we can see that for the dedtigiiegy of all pairs, uniform
design has higher estimation efficiency than ortimad design. All the test statistics
are significant at the 0.05 significance level #mel medians of ratios are larger than 1.
For shifted pairs, the medians of the relativenestion efficiency for uniform design
to orthogonal designs are larger than 0.98 andet$testatistics are not significant for
the last scale value, which suggests that the agtmefficiency of uniform design is
not significantly different from that of orthogondé¢sign. The estimation efficiency of
orthogonal design is slightly higher than that nfform design forL>* and 2’ Block.

For L*, the estimation efficiency of uniform design isarerage 7% less than that of



orthogonal design. In the case 2fBlock, the advantage of the orthogonal design is
more obvious especially for large scale values. fEfative estimation efficiency of
uniform design is 5%, 10% and 15% lower than thatrthogonal design for the three
scale values, respectively. Why the relative edionaefficiencies decrease as scale
values increase? Note that the average size ofefsets by orthogonal design is two
times that by uniform design. Then utility by ortjomal design is more balanced than
that by uniform design and the extreme probabifitprthogonal design is much less
than that of uniform design as the scale valuesimees. As a result, orthogonal design
becomes more efficient than uniform design as sevalee increases (Huber and
Zwerina, 1996).

Table 3: Comparing the relative estimation efficigf uniform design to orthogonal design

Scaléf)=  Scaldf)=  Scaldf)=
20% Exp Var 45% Exp Var 70% Exp Var

ED(D,)/ ED(D;)

25% Quantile ~ 0.975 0.937 0.897
Median  0.983 0.988 1.024

75% Quantile  0.989 1.030 1.129

ED(D,)/ED(D,)

25% Quantile  0.931 0.894 0.833
Median  0.937 0.929 0.925

75% Quantile  0.947 0.957 1.049

ED(D,)/ ED(D,)

25% Quantile  1.011 0.994 0.989
Median  1.015 1.017 1.037

75% Quantile  1.019 1.032 1.069

ED(D,)/ ED(D,)

25% Quantile  0.943 0.894 0.810
Median  0.952 0.907 0.855

75% Quantile  0.960 0.929 0.916

As for the comparison between uniform design amming rule, if thel*
strategy is used, uniform design has slightly higlestimation efficiency than
sampling rule for small scale value and converfalylarge scale value. If the other
three strategies are used, sampling rule is mueckemban uniform design, especially
when scale value is small.



Table 4: Testing the equivalenceEiD values

Null Hypothesis Scalgp) = Scalép) = Scalép)=
20% Exp Var  45% Exp Var  70% Exp Var

ED(D,) = ED(D;) -15.678 -3.942 0.464
ED(D,) = ED(Dy) -60.500 -13.816 -4.061
ED(D,) = ED(D;) 22.967 5.255 5.480
ED(D,) = ED(Dy) -43.663 -29.255 -14.900
ED(D;) = ED(D,) -198.712 -60.095 -17.607
ED(D;) = ED(D,) -24.951 -4.081 4.071
ED(D,) = ED(D,) -88.978 -33.120 -14.914
ED(Dy) = ED(D,) -349.538 -132.742 -63.504

Notet, 4,5 (99) =1.984 andt 4 (99) = 1.660

The estimation efficiencies of the four strateglesrease in the following sequence:
2” Block>Shifted pairs>All pairst® if uniform design is used to construct profiles.
Similar findings for orthogonal design were repdrtby Bunch, Louviere and
Anderson (1996).

5.2 Prediction efficiency
In similar ways, we may compare the predictioncéficy by calculating eight ratios
between the prediction efficiency of uniform desigand that of orthogonal design.
The first four ratios are shown in Table 5. To as@ofor randomness, the 25%
quartile, the median and the 75% quartile are &tbdl The medians of the last four
ratios are plotted in Figure 2. The values of tsstistics for testing the null
hypothesis that the prediction efficiency is ecua presented in Table 6.

Table 5 shows that uniform design has slightlgreger prediction ability than
orthogonal design for the shifted pairs and alfgatrategies. The relative prediction
efficiency of uniform design is on average 2% higfee shifted pairs and more than
6% higher for all pairs. Furthermore, the testistiatfor shifted pairs and all pairs are
significant for all scale values at the 0.05 sigaifice level, which means the
predicted market shares obtained from uniform desige more accurate than that
from orthogonal design. Fadr*, uniform design has approximately the same
prediction efficiency as orthogonal design. Thatiee prediction efficiency is only
about 1% different at small scale value (20% Exp)\éad at large scale values (45%
Exp Var or more). FoR’Block, orthogonal design is more efficient thanfarm
design, especially for large scale values. Theigptied efficiencies of uniform design
are about 15%, 26% and 38% less for the three sedles, respectively. The larger
size of choice sets by orthogonal design may aésthb major reason for this large
difference.
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Table 5: Comparing the relative prediction effiggmf uniform design to orthogonal design

Scaléf)= Scaléf)=  Scaldf)=
20% Exp Var 45% Exp Var 70% Exp Var

PD(D,)/PD(D;)

25% Quantile 1.007 0.948 0.900
Median 1.022 1.020 1.030

75% Quantile 1.040 1.076 1.209

PD(D,)/ PD(Dy)

25% Quantile 0.970 0.944 0.890
Median 0.989 1.012 1.012

75% Quantile 1.009 1.064 1.184

PD(D,)/PD(D,)

25% Quantile 1.059 1.052 1.054
Median 1.065 1.083 1.118

75% Quantile 1.071 1.110 1.172

PD(D,)/ PD(Dy)

25% Quantile 0.835 0.675 0.550
Median 0.848 0.727 0.622

75% Quantile 0.871 0.767 0.717

Figure 2: Comparing the relative prediction effiag of sampling rule to uniform design

Comparison of relative prediction efficiency

0.750
0.700
0.650 [

-§.//.
] i
— -

0.550 —E— A

0.500 —&— Al pairs
0,450 —X— 2Ai Black
0400 |
0.350 [
0.300

20%EXP VAR  45%EXP VAR  70%EXP VAR

11



Table 6. Testing the equivalenceRID values

Null Hypothesis ~ Scalgp) = Scalép) = Scaléf)=
20% Exp Var 45% Exp Var 70% Exp Var

PD(D,) = PD(Ds) 9.333 1.839 3.116

PD(D,) = PD(Ds) -4.439 0.750 0.434

PD(D,) = PD(D,) 71.597 23.232 15.617
PD(D,) = PD(D,) -45.483 -41.176 -22.071
PD(Ds) = PD(D,) -153.309 -46.971 -21.979
PD(D;) =PD(Dy)  -146.832 -50.446 -19.164
PD(D,) = PD(D,) -158.432 -56.222 -27.103
PD(Dg) = PD(D,) -185.208 -65.213 -32.877

Notet, . (09) =1. 984ndt,,. (99) = 1. 660

For sampling rule and uniform design, the predic@fficiency of uniform design is
much higher than sampling rule, which can be eas#lgn in Figure 2. Similar to
estimation efficiency, the prediction efficiencie$ the four strategies by uniform

design follow this order2’ Block>Shifted pairs>All pairst?.

5.3Test power
To compare the test power or the ability to picksigmificant effects, we calculate a
median APE value for each of the nine designs ane@&chM and scale value. The
median APE values of the nine designs . are plotted in Figure 3.
From the figure, the following findings may be ided: Firstly, whenMN is
the same, thé&PE’s of uniform design and orthogonal design are appnately the
same for all four choice set design strategiesoisalyg, uniform design is superior to
sampling rule in test power for all four strategi€kirdly, 2’ Block has the strongest
ability to pick up significant effects and is foed by shifted pairs, all pairs ahtf
for both orthogonal design and uniform design. Bdyy whenM becomes large,
uniform design and orthogonal design has approxipdhe sam&PE, for example,
M=60 in 20% Exp VarM=30 in 45% Exp Var and 70% Exp Var. For shiftedrpai
the difference ilAPE values is less than 0.1%.

6. Conclusions

Orthogonal design and uniform design are two expemtal designs to generate
profiles. The advantage of uniform design over agtinal design is that uniform

design generates substantially fewer profiles paldrly for attributes with uneven

levels. In this research, we compared uniform desigth orthogonal design and
sampling rule on three statistical properties wsigifted pairs,L* strategies, all pairs

and 2’ block strategies are used to generate choice Beim the comparison, the
following conclusions are made.
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Figure 3: Comparison &PE for three scale Values
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In terms of estimation efficiency, when shiftedrpaand L** strategies are
used to construct choice sets, orthogonal desighgistly better than uniform design.
The relative estimation efficiency will decrease nwre than 2% and 7.5%
respectively for shifted pairs ahé . The prediction efficiency of uniform design may
is 2% higher than that of orthogonal design if t&uifpairs strategy is used and the
prediction efficiencies are approximately the sdoreorthogonal design and uniform

design if L* strategy is used. For the strategy of all painifoum design seems more
efficient than orthogonal design in both estimaténd prediction. Maybe due to the
larger average size of choice set, orthogonal dgsggforms better in both estimation
and prediction efficiencies when ti2 block strategy is used. However, when the
scale value of the parameters is small, for exanieds than 20% Exp Var, the result
is also admissible (about 95% for estimation efficly and 85% for prediction

efficiency) for 2’ block strategy. WhemVIN is the same, thé\PE’s of uniform
design and orthogonal design are approximatelganee for four choice set strategies.
Therefore for the first three choice set strategigsform design is a good choice if
the number of profiles of orthogonal design is applicable. And when the scale
value is smaller than 20% Exp Var, uniform desigraiso acceptable f@’ block
strategy, since uniform design can not only rediieenumber of choice set size but
also reduce the number of average choice set size.
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Appendix: uniform designsu (182°3%) and U (18,2°3%)

10

0.9822

Note: 1. The above designi$ (18,2°3%) with the €,

2. Choosing columns 1, 2, 3, 7 and 8gemeratdJ (18,2°3%) with ,, = 0.9967.
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Table of Figure 1. Comparing the relative estimagdficiency of sampling rule to uniform

design

Scaléf)=  Scaldf)=  Scaldf)=
20% Exp Var 45% Exp Var 70% Exp Var

ED(D,)/ED(D,)

25% Quantile 0.575 0.622 0.727
Median 0.583 0.670 0.783

75% Quantile 0.592 0.698 0.872

ED(D,)/ ED(D,)

25% Quantile 0.934 0.925 0.973
Median 0.951 0.983 1.073

75% Quantile 0.964 1.027 1.167

ED(D,)/ED(D,)

25% Quantile 0.838 0.820 0.828
Median 0.847 0.851 0.880

75% Quantile 0.856 0.886 0.928

ED(D,)/ ED(D,)

25% Quantile 0.428 0.405 0.448
Median 0.432 0.417 0.477

75% Quantile 0.440 0.429 0.502
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Table of Figure 2. Comparing the relative predict@ficiency of of sampling rule to uniform

design

Scaléf)=  Scaldf)=  Scaldf)=
20% Exp Var 45% Exp Var 70% Exp Var

PD(D;)/PD(D,)

25% Quantile ~ 0.406 0.435 0.523
Median 0.415 0.474 0.588

75% Quantile  0.428 0.527 0.688

PD(D,)/ PD(D,)

25% Quantile 0.633 0.607 0.635
Median 0.646 0.645 0.710

75% Quantile ~ 0.659 0.683 0.811

PD(D,)/PD(D,)

25% Quantile 0.582 0.558 0.561
Median 0.585 0.581 0.616

75% Quantile 0.593 0.598 0.651

PD(Dg)/ PD(D,)

25% Quantile  0.338 0.368 0.480
Median 0.350 0.385 0.530

75% Quantile ~ 0.359 0.404 0.572
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