Adding variability to choice models

can help shine a light on market behavior.

By Bryan Orme and Joel Huber

ne of the reasons conjoint analysis has been so popular as a management decision
tool has been the availakility of a choice simulator. These simulators enable managers to
perform “what if” questions about their market—estimating shares of choice under various
assumptions about competition and their own offerings Under the proper conditions,

simulated shares of choice track closely with market shares For example, simulators can

predict the performance of a new offering, estimating both expected new sales as well as
cannibalization from a company's existing brands. Alternatively, they can be used to estimate the direct and cross elasticity of price
changes within a market Simulators have also been useful as the logical guide to strategic simulations that prepare management for

short- and long-term competitive responses (See Additional Reading, pg 20}
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Simutators geveioped from either conjoint or choice analysis
{ estimate the market impact of different product/service con-

figurations by precicling decisions for each individusl and
. then adding up choices across sumulated respondents. This
| article examines why these chioice simulators prowvide a
unique and rcbust vision of a markel, particuiarly where
strong differences exist among competitors. We further show
that predictions of choice shares can be mproved by sdding
two kinds of varisbiiity Lo the indiviaust choloe models,
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Simulators begin with a stmple choice mede! of individual
customers Aggregating these into expected shares for specific
offerings. simulators offer a rich and robust vision of market
behavior Qur goal here is to specify the properties of choice sim-
ulators that enable them to provide such a vision Alter describ-
ing the components that make up a choice simulation, we define
two critical properties, differential impact and differential substitution,
that are important if simulaters are to mimic market behavior
We then show that the correspondence to market behavior can
be further improved by adding variability to the individual choice
models. This tuning, through a process we call Randomized First
Choice, adds variability to both partworths and to the overall
profile values in a way that optimally matches simulators against
experimental choice shares We then show why this adjustment
process is particularly useful in overcoming problems with aggre-
gate choice models

Wear Is & MARKET SiMULATIONT

A good markel simulator is like gathering a representative
sample of a company's customers in one room to vote on prod-
uct concepts and competitive scenarios. For each scenario,
these customers are oifered a choice amoeng offerings, each of
which is described by differing levels on a common set of
attributes The beauty of a simulation is that the choice maod-
els for each customer permit the analyst to estimate choice
shares for a broad range of products in countless competitive
contexts The icing on the cake is that the simulated market
audience never gets tired, asks for lunch breaks, or requires
hourly payments

How does a market simulator work? Suppose we have a way
to predict how much customers will like different kinds of ice
cream cones Let's refer to those preferences as partworth utili-
ties, and assume the foliowing vaiues for a giver customer

Partworth (ftiiities

Chocolate 0
Vanilla 30
Strawberry 40
S0 60 50
S0 80 25
S1 00 0
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We could use these utilities to predict the choice between a
vanilla cone tor $0 80 or a strawberry cone for $1 00 using the fol-
lowing additive rule

Vanilla {30 utiles) + SO 803 (25 uriles) = 55 utiles
Strawberry (40 utiles) + S1 00 (0 utiles) = 40 utiles

We'd predict that this particular customer would choose the
vaniila cone If we had data for 500 customers, we could coun:
the number of times each of the two cones was preferred afrer
stumming their different partworth values, ard compute a “share
of preference,” aiso referred to as a “share of choice”

Share of Choice
Vanilla @ S0 80
Strawberry @ Sl 00

300/500 = 0 60
200/500 =040

In this hypothetical market simulation, 60% of the customers
preferred the vanilia and 40% the strawberry cone This itlustrates
the most simple simularion approach referred to as the tirst-
choice model
Wy ConpucT CHOICE SIMULATIONS?

Leoking only at average preferences or st the partworth urili-
Lies can be misteading It can mask mportan: marke: forces
caused by parterns of preference at the irdividual level
Marketers are generally not interested in averages, but in the tar-
getable, 1diosyncratic behavior of segments or individuals For
example, consider three respondents with the following part-
worths for color

Partworths for Color
Blue Red Yelfow
Respondent A 50 40 10
Respondent B ¢ 65 75
RespondentC 40 30 20
Average 30 45 35

Relying only on average partworths, we would pronounce
that red is the most preferred color, followed by yellow. However,
if these colors were oftered to each respondent, red would never
be chosen under the first-choice madel, yvellow would be chosen
once, and blue twice—the exact oppesite of what aggregate utili-
ties suggest While this is a hypotheticat example, it demon-
strates that average utilities do not always teli the whole story
Many complex market effects like these can be discovered by
conduct’ng simulations Trese examples help demonstrate the
ntuition behind the value of a simulator The following sections
articu ate more precisely why simelarors offer a unique and valu-
able image of the market dynamics
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For illustrative purposes we will use a choice-based conjoint
dataset of midsized televisions. We surveyed 352 respondents who



owred of were conziderirg purchasing 5 midsized television sef
The first part of the comrpurer-basec interview fucused on sttribute
definitions {cescribed tn terrs of beretits) for the six artrinotes
ircluded in the design Sawtooth Sottware’s teols helped create
both the study and the anaiysis The survey offered 27 choices
smong televisions respondents might purchase, and each chotce
involved five televisions described with six aﬁ'rrbu!,és brand name
(thrce leve's), screer size ‘three levels), sound (three levels). pic
fure-in-piciure (availakle. not). charnel b fmckm {available, noty,
and pice Four levels) The cholce set ir Fxhibit 1 illustrates the
levels

The first 18 cholce tasks were combinations of attiibute ley-
els such as those showr in Exhibit I After completing these cali-
bration taszs, respondents picked fmm an additional mre nokd-
oul chorce tasks again includirg five alternatives

i

ENTS oF BiamuEy 55&%1,@@@3
Qur <«Ludz of te]exmun se” preference:
builcing stsges in a cholce shmulstion

illustrates thres

I Develop a preference mocel tor each individua. or homoge-
necus segmert in the survey weighted to reflect the target
populat:on

2 Lstimate the relative utilities »f the

cofce set

competi‘ors in a

5 Apply the preference model to the competilive set fo arrive at
cnoice probabilities for eacn allernative and aggregate these
to cevelop choice shares

The first stage lets mrarketers predici for eack person the
value of 2 given chotce gliernative based on ils characteristics
Historicaly, comoint analysis ~as genereted irdividual-level
vartworths, and the television data 'n this study are derived from
aferarchical Bayes analysis of choice tasks, Zxhibit 3 shows the
partwaorths for a typical respondent (See page 16 The least
desirable level withir each attnibute has been set at zero, so that
ather levels reflect differences rom the least desirable level For
cxamips.e, for th 1s responcent [V is the least iked brand RCA
being worth 1& anc Soty 44 ponts mere

EXHEBIT 2  Relative error: Mean absolute error
predicting market share
Firet Product Atiribute ang
Cholce Rule  Yariability Produet
Yariability
kogregats Logit N/A 155% 121%
Latant Class WA 122% 113%
Higrarchiczl Bayes  116% 111% 107%

The secord stage of & simulazor takes these partworths
and estimates utility values for potential market comperitors
Generally, & simnle additive model is used For example,
Lxkibit 4 shows the predicted utility of three possible brends
for *his ~espondent {Sec page 17 ) The highest vaiue is for the
28" Sony with surround sound for 8450, so the Seny would be
the mogt lixely alzernative ro be chosen

Our primary ‘ocus is on the final stage—how to predict
cho.ca pronabilities for ~hose valuations Although the Sony TV
mav bie the most likely 1o be chosen, its probability of choice will
be lans than | O thanks o fallible consumers Thus, when esti-
mat r.g choice share we need 10 aggregate its unbiased probabii-
ity Vur findings show that 't generally will not be most accurate
to assume that this person chooses the Sony simply because it
has the highest utility Paradoxically, to best predict choice
shdles across & group of respondents, it will be important to add
variak:ility to both the partworths given in Exhibit 3 and the total
utiti.ies for each aliernative shown in Exhibit 4

The prediction thas the respondent in Exhibit 4 would
chonse the 28" Sony is called the first chotce, or maximum utility
rule This rule 1s easy to understand and has a long history in
corjoint snalysis Unfortunately, it often does not do well 1n
practice  First-choice simulations can produce overly volatile
shaie changes and demand functions Because they lack the ran-
dont Yactors that characterize actual purchase decisions, the

EXRIBIT I Example choice set
Y6 REG& Y6 Sony SVC
25" 26" 27 25"
Stereo Sounc Surrourd Sound Mono Sound Surround Sound Steres Sound
P cture sn Picture Pictire in Picture Na Picture n Piclure Mo Picture in Picturs Ko Picturg in Picture
Mo Channsl Blockowt Channet Blockout No Channe: B:ockou: Channe: Blockout Chanel Blackout
$350 $400 $300 $450 $350
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share estimates from first-choice simulailons generate extreme
probabilities, 100 close to zero or one

Randomizec First Choice, as the name implies, begins with
first choice and then adds appropriate variability Most of the
theory and mathematics behind the Randomized First Choice
are well-known Work by McFadden, Hausman, Wise, Revelt,
and Train laid much of the groundwork upon with which
Randomized First Choice is built (See A-diticnal Reading )
However to the best of our knowledge, those principles had not
been synthesized into a generalized conjeint/choice market
simulation model Rather than use the partworths as measures
of absolute preference Randomizaed First Choice recognizes
that a degree of error around these points by adding random
variation to the partworths and also to the overali product ut:li-
ties before computing share

The two simple, intuitive types of variability are seen in
Randomized First Cheice adjustments The first kind, attribute
variability, occurs when a consumer is inconsistent in the relative
weights or partworths applied to the attributes For exampie,
consider a TV purchaser who is price-sensitive on one retail visit
but then values features on other visits The second kind, prod-
uct variability, occurs when a consumer simply chooses a differ-
ent alternative on different choice occasions, typically through
incensistency in relarive utilities of the alternatives Although
most simulators do not distinguish between these two forms of
variability. our study found that they differ strongly in their rreat-
ment of competitor similarity In particular, adding attribute vari-
ability preserves appropriate similarity relationships among
alternanives while product variability clouds them Additionally,
product variability is needed to approximate fundamentsl cheice
inconsistency 1n the final choice Thus, both kinds of variability
are needed o appropriately mode! market behavior

Randomized First Choice offers a general way to “tune” con-
joint simulators to market behavior Mathematically, it adds vari-

ation in the attribute values as well as variation in the final prod-
uct vaiuation, as seen in Equation 1

Equation I
U =X (P +E5 +Ep

where.

U, = Utility of preduct i for an individual or homogeneous

segment at 3 moment in time

Row vector of attribute scares for alternative |

Vector of partworths

E, = Variability added fo the partworths (unique for esch
respondent, but held constant across alternatives)

Ep = Variabitity added to product i (Gumbel-distributed,
unique for each respondent and alternative)

The simulator then chooses the product that has the greatest
utility in the set after the random components have been added.
It genersates each individual's choice probability by repeating this
simulation numerous times per respondent with new random
components each time

Those familiar with logit wiil recognize that Ep is simply the
error level in the logit model The typical adjustment for scale in
the logit model is mathemarically equivalent to adjusting the vari-
ance of a Gumbel-distributed Ep in RFC simulations The E, term
intreduces corrections for product similarity and reflects taste vari-
ation as has been found in models by Hausman and Wise end in
current work in mixed logit by Revelt and Train (See Additional
Reading } In practice E, error works well in RFC simulations either
Gumbel-distributed or distribuied normally The appropriate vari-
ance for both the E, and the Ep error can be found by tuning the
simulated shares to holdout choice shares or known market shares
The greater the added error variance, the less extrente the shares

EXHIBIT 3 Partworths for a typical respondent
120
100
88
60
40
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It is not obvious why such a process would increase the pre-
dictive accuracy of simulators The negt section begins by detail-
ing the desirable properties of any choice simulator. An experi-
ment then follows that denionstrates the effectiveness of adding
attribute and product variability, particularly when applied to
aggregale ard isient class segmants, but also for individual
choice models gereraled by Rierarchical Bayes

SRITICAL FPROPERTIES oF Rlanuer Siuiarors
What is so special about choice simulators that ‘ustifies mag
ing an added effort to imolement them? We will examine the iwo
properties of market simulators that enable them to track the
comp.exity of market behavior First, simulations display differen-
tial impact, the idea thar marketing leverage 1s at a maximum
when an alternative is ~ear the thresheld for choice within a
choice set Second, they exnibit differential substitution, throush
winch new alrernatives take disproportionate share fron® similar
competitors Because it may not be initially obvious why differen-
fial impact arnd differential substitution capture very important
properties of market behavior, each of these is detailed below

Differential impact is a central property of an effeciive choice
simulator Witk this, the impact of @ marketing action depencs
on the extent that the alternative is rnesr the purchese threshold
This point of maximum sensitivity occurs when the vaiue of an
alternative 1s close to that of ihe most valued alternatives in the
set—when the customer 1s very close to choosing the company's
offering At that time, an incremental feature or benefir is most
I’kely io win the bus:ness

Tne differentia. impact implicit in a threshold model can
best be understood by examining three cases refiecting difterent
kinds of thresnolds First we present the linear probabiinny
model which imporantly defines the case of no threshold. Then
we examine the other extrerme, that of a lirst-chojce model,
which has the most extreme step-like threshold Finally we con-
sider ihe s-shaped model, reflected by cneice models such as
logit, probit. and Randomized Tirst Cheice, whose thresholds
have been sof-ened by the sdd tion of variability,

If probability is a near tunaion of utility, then iirproving an
artribute has the same effect on choice share regardless of how
wel. it is liked This linear probability model has many problems,
the worst of which is a lack of ¢ifferential impact As shown in the
first panel of Exhibit 5, adding, say, surround sourd has the same
share impact regardless of whether 1t is added to a high- or low-

ervl relevision (See page 19 ) By contrast, a threshold choice
medel «pecifies that the benefit from adding the feature mainly
affects those consumears who are likely to change their behavior
The threshold model makes good sense—adding the feature
does not affect a parson who would have bought the brand any-
wav, nor does it influence customers who would never consider
it. The differential impact brought about by a threshold model
fuocises managerial attention on the critical marginal customer
and ~hereby avoids expensive actions that are less likely to alzer
market behevior

The first-choice model is an extreme version of the thresheld
meodel Tha first-choice nodel i mathematically eguivalent to
fquation - with no vanabi ity (var{Ep} = variEs) = 0} As shown in
the cecond panel of Exhibit 5, in the first-choice simulation the
shere o an alternative is zero until irs utility surpasses those of
otbers in the sel Once it passes trhat threshold, [t receives 100%
The prootem with the first-choice maede! is that it is patently false
We krow that pecple do not make choices without variability In
studies of experimental choices, respondents given the same
choice set {three-four alternatives, four-five attributes) choose a
different alternative about 20% of the time In our current study.
witn five aiternatives and six attributes, respondents changed
their chotess from the same set 19% of the time

Standard logit and orobit medels reflect a compromise

between the first-choice and the linear models Instead of the
severe step function characierizing the first-choice model, the
var anility implicit in these models moederates the step into a
sm-orh s-shaped function They are equivalent to the model in
Equation | with product variability added

A dittle-understoad beneafit of a threshoid model is that it
can reflect complex patterns of interactions between, say, a fea-
ture and a particular brand simply through the simulation pro-
cess Ar interactior term specities that a particular feature has a
differentia; impact on varticuiar brands These interaction terms
carn be expressad in the ulility functicn whereby the parrworth of,
say price is different wren Sony rather than JVC is the brand
While these interaction rerms can and have been modeled as
cross terms in the utility foncrion, the same behavior can be rep-
resented by an aggregation of heterogenenus customers each
followiryg a threshold model. For example, consider a warranty x
pric e interaction. Such an interaction would arise if a warranty
wete more valuable wren applied to low- over high-priced appli-
snces Suppose there are two segments, one valuing low price

EXHIBIY &

Utilities for attributes of three potential products

Bramd Sk Sousd Biogkeut  PlelinPist  Price  Total ullily
28 Sony, Sumound 44 4 104 0 0 0 184
/NG, & 0 0 82 0 0 9% 180
7 RCA, Block, Pin P 18 25 G ¢ &0 36 181
$400

. . Copyright© 2001 Al Rights Reserved -~ - — =~
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and the orher desiring high quality. Suppose N “ glosses over these strategically important dis-
further that those who value low price also Brand§ Ciﬁse i@ ihg ; tinctions. Ignoring differential SL{bstitution
Fedl there e moect o v 10 s | - Hreshold will Be Far | 15 C vt e cxnaions woce con to cursent
SIS moresensivethan | IRl
ause it is uniz tant to ¢ . By contrast, i ential substitution is the presen f a duplicat,
:(elfic::zelltt ;ug“i:l Tssv?g\rmt(e)d hsgndy\;ﬁl s;?;r EEE@S& EE]&% are ‘?al‘ away" i S}?felrain:; insth:cl}?glcz set %cono?ﬁi? theors oﬁei

those desiring low price When these two seg-
menis are aggregated it may appear that the warranty affects the
low-priced brand, whereas it really affects the segment valuing
low prices. In that way heterogeneity arising out of a simulation
can account for what would have otherwise been seen as an
interaction between variables

The heterogeneity account is also a more stable model than
the curve-fitting exercise of the interaction cross terms The oper-
ational problem with adding interaction terms to the utility func-
tion is that the numbers of such terms can grow uncontrollably
large. Above we illustrated an example of price tiers, but many
others are also possible. Consider all-ico-common combina-
tions of brand tiers where custormners are simply not interested in
certain brands, size tiers where a large size never passes the
threshold for certain segments, and feature tiers. where certain
groups are only interested in certain features Modeling these
with interaction terms in the utility function is complicated and
can lead to overfitting or misspecification The beauty of a simuia-
tor operating on individual threshold models is that it can
approximate what appears to be a very complex pattern of inter-
active behavior solely through the aggregation of choices from
simple main-effects individual models (See Additional Reading.)

To summarize, differential impact is critical if we believe that
impact on choice of, say, a new feature of a brand depends on
utilities of competing brands Brands close to the threshold will
be far more sensitive than those that are far away The threshold
model within a simulator focuses managerial attention on those
alternatives that are on the cusp, and in that way avoids putting
managerial effort on alternatives that are already chosen, or
would never be.

Differential substitution is a second benefit of ar effective
choice simulator its intuition follows from the idea that a new
offering takes share disproporticnately from simiiar ones
Differential substitution is particularly important because the
dominant choice modei, aggregate logit, displays no differential
substitution The logit assumption of proportionality implies that
a new offering that gets, say, 20% of a market will take from each
competitor in proportion to its initial share. Thus a brand with an
initial 40% share loses eight percentage points {(40% x 2), and one
with 0% share loses two percentage points (10% x 2)
Proportionality provides a naive estimate of substitution effects
that can result in managerially distorted projections for the com-
mon case in markets where groups of brands are very similar and
others are very different For example, a product line extension
can be expected to take proportionately most share from its sib-
ling brands Managers recognize this problem Successful com-
panies manage their portfolios with new brands that are strategi-
cally designed to maximize share taken from competitors while
minimizing internal share losses. By contrast, proportionality

posits that a duplicate offering should take kalf
the share of its twin, but none from its comperitor However, in
practice this expectation is rarely met. if some consumers ran-
dormly pick a brand without deleting duplicates, then having a
duplicate could increase total choice share Indead, the fight for
shelf space is directed at capturing that random choice in the mar-
ketpiace To the extent that a duplicate brand increases the total
share for that brand, we term the increase ir total share from a
duplicate share inflation Clearly some share inflation is needed,
but 1t is unclear how much The E, term ir the Randomized First
Choice model lets the analyst adjust the degree of penalty for
product similarities that should operate in the model Product
alternatives defined by many of the same features will have corre-
lated sums of E, variability, which in turn leads these similar prod-
ucts to compete more closely within market simulations

To summarize, in a typical market where strong differences
exist among competitors, a simulator is needed to display
expected differentisi substitution effects. The choices coming
out of a simulator behave appropriately because simiiar alterna-
tives have similar utility values Because only one is chosen in
each simulated choice, these alternatives take share from one
another just as managers axpect

Testing THE YaLue oF Ranoomizen First CHoice

In this example, we cormpared the ability of different simula-
tors to predict nine koldout choice “asks The holdout tasks were
different from 18 calibration tasks in two respects To test the
share pradictions of the different simulators, it was critical to
have target sets for which shares of choice could be estimated.
Respondents were randomly divided into four groups with
approximately 90 in each group that would receive the same nine
holdout choice tasks Additionally, we designed the holdout
choices to have scme extremely similar aiternatives Four of the
five alternatives in the holdout tasks were designed to be effi-
cient choice sets that have statistically optimal utility and level
balance (See Additional Reading.) However, the fifth alternative
duplicated ancther alternative in the set or duplicated all
attributes except the two atfributes judged least important
Normally such redundant alternatives would not be included
because they add little to the discriminatery power of the choice
set. However, we wanted very similar items to test the simula-
tors” ability to predict share on highly similar alternarives, such
as those populating most product lines

We analyzed the choice data using three base methods for
estimating respondent partworth utilities aggregate logit, latent
class, and hierarchical Bayes The logic behind picking these
three methods related to how much they accommodate individ-
ual differences Aggregate logit is important because it retlects
what rappens when all respondents are analyzed as one homo-
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geneaus population By contrast, latent class analysis seeks sets
of latenl segmoents (we used an eight-group solution) whase
parworths best rerlect the hererogeneity underlying the choices
(Sec Additional Reading ) Focusing even mote on ind vidual dif-
terences, hierarchical Baves estimates different atilities for each
respondent It produces a posterior est'mate of cach ‘ndividual's
partworths that reflocts a heferogenesus population prior condi-
tioned ¢n the particuiar choices each incividual makes (See
Additzona’ Reading.) Thuis, hierarchical Bayes generates each
individual's utilicy funclion. while latent class and aggregate logit
typify popiiiar ways to ceal with markets as groups

For each ol these base models we examined the impact of
threo levels of variability within tae Randorized First Choice
frammework The first condition uses the firsi-chcice rule that
assun-es respondents perfoctly choose the bighest vaived alter-
native It thus assumes no vanakility The second condition adds
the level of artribute variability that bes* predicis huldout choice
shares The third condition tunes ko h product and attribute
variability to oest predict the holdoeut choice shares The mechs-
nism of the tuning process is straight!orware but tedious we use
a grid search of different levels of each type of variability until we
find those that minmize the mear absolute error in srediciing
holdout choice shares

To test the Hredictive validity of different models, we divided
the 352 respondents mito two matched samples of 176 respondents
each We again estimated tte parwortns under the different maod-
els independently within each of the two grouns We performed the
erid search to optimize the variabl.ity terms that best predict the
holdout choices for the first group, and used those same parame-
terg for the second group to predict its holdout choices We
reported only the predictive accuracy for the second group.

REsuLTs

Relative error measures the degree to which the different
simulators predict the choice shares across all alternarives ‘n the
holdout tasks for the study Fxhibit 2 shows mean absolute error
{(MAL] predicting ho.dout stimu i as a percent of the test-retest
MAT for repeated choice sets 3 5% iSee page 15.) For example,
the 155% for sggregste logit i~dicates that adding nrodud var-
ability results in an error that 1s a [ittle more than one and one-
bralf times as great as 3 5% tor the ¢roice replication

Fxbibit 2 offers three important results First, adding variabil-
ity improves heldour share predictions Regardless of the estima-
tion technique, the error drops with additiona, variability The
second result refers to the performence of the different models
Comnaring the rows shows that the more individualized methods
do better than the more ageregate ones The third result is that
there is greater gain from adding variability to an sggregate level
maodel than to the more individuai-level models Thus, aggregste
logit gains the most, iatent class is next, and hierarchical Bayes
shaws the srmallest gains from adding variability.

We believe there is 4 simple reason for this last result The
individuai-level models are not estimated with perfect accuracy,
but have significant varnation due to the noise in individual
choices Thus, when est‘mates from these models are put in a
simulator “hey act as if variability has already been added to the
partworlhs However, in this case inslead cf coming from the
Randomized First Choice process, attribute variability comes
fromn the inherent variability in the estimation model.

SUMMARY AND CONCLUSIONS

Cur aim has bean to demaonstrate the usefulness of market
simulations and to examine ways to build choice simulstors
“hat correctly reflect sirmilarity effects We began by showing
~ow differential impact and differertial enhancement help sim-
claters model charges in choice in realistic and robust ways
Randomized First Choice is developead in the light of these prin-
ciples by adjusting the simulator to achieve optimal levels of
sttribute and product vanability

This article has presented five key ideas about simulations

+ Market simulations transform raw utility data into a manage-
rially useful and appealing model: that of predicting market
choice tshare of preference) for different products Under the
sroper conditions, shares of preference quite ciosely track
with the idea of market share—something almost every mar-
keter cares sbout

2 Market simulations can capture idiosyncratic preferences

securring at the irdividual or group level These “hidden”

affecis can have & significant impact on choice shares for
products in market scenarics Cagpturing such effects is

EXHEBIT 5

Etxamples

Linear probabitity model

Threskeld fenction

of inear, step, and S-shaped cholce functiors

S-shaped eurye

Cholee Probabitity Choice Probability Chotes Probability

100 1.00 ¢ 100
80 B0 80
60 80 B0
40 AQ P A0k
20 208 20k
.00 * kS iy ceb -O‘) 5 3 Oo A I

0 1 2 3 8 1 2 3 g i 2

Yaius of the zllernaiive
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important for accurately prediciing choice share, especiaily
when multiple product offerings are designed to appeal to
unique segments of the market

3 Market simulations can reveal differential substitutability
{cannibalism/cross-elasticity effects} among different brands
or product features If two similar brands are valued highly by
the same respondents (have correlated preferences), these
brands will tend to compete more closely Product enhance-
ments by one of these brands wil} result in the correlated
brand losing more relative share than other less similar
brands within the same simulation Examining aggregate
utilities can obscure these important relationships

4 Market simulations can capture interaction effects between
attributes. if the same respondents that strongly prefer the
premium brand are also less price-sensitive than those who
are more likely to gravitate toward a discount brand, simula-
tions will reflect a iower price elasticity for the premium rela-
tive to the discount brand. A similar interaction effect can
occur between many other types of attributes, such as model
style and color

5 Randomized First Choice provides a way to tune simulators
by adding the appropriate level of attribute and product vari-
ability. Here it was used to tune simulated cutput to choice
shares. However, it can be used more generally to adjust con-
joint simulator resuits to known market shares |
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