Economic Choicesf

By Dianrer. McFaooey®

Thus Hobel lecture disousses the microscono-
reetric analysis of choice bebavior of consumers
who face discrets econonus alternatives, Bafore
the 1960°s, ecompanmists used consumer theory
reostly as a logical tool, to explore concepmally
the properties of alternative market organiza-
tions and econoinic policies. When the theory
was applied empirically, it was to market-level
or nationsl-accounts-level data. In these appli-
cations, the theory was nsually developed in
terms of & represeniating agent, with markst-
level behavier given by the representative
agent’s behavior writ large. When observations
deviatad from those implied by the representa-
tive agent theory, these differances were swept
e an additive disturbance and arwibaed w0
data measurernent errors, rather than to unob-
served factors within or across  individwal
agents. In statistical language, maditional con-
suer theory placed stmctural restrictions on
mean behavior, bt the dismibution of responses
about their mean was not tied to the theory.

In the 1260°s, rapidly increasing availabiliny
of survey data on individual behavior, and the
advent of digital computers that could analyze
these data, focnsed attention oo the variations in
demand acress individuals. It became importans
o explain and model these variations as pant of
conswmier theory, rather than as ad boc dismr-
bances. This was partioularly obvions for dis-
crete chodces, such as transporfation mode or
occupation. The solution to this problem has lad
to the tools we have today for microeconometric
analyzis of choice behavior. T will first give
bref hiztory of the development of this subject,
and place nry oam conmributions in context, Af-
ter that, Iwill discuss m sorne detatl more recent
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devalopments m the economdc theory of cholce,
and modifications to this theary that are being
forced by experimental evidence from cognitive
psvehology. T will close with a survey of stans-
tical methods that have developad as pam of the
research program on econsmic chodce behavior.

Science 1s A cooperative enterprise, and niy
work oo choice behavior reflects not cnly my
own ideas, but the results of exchangs and col-
laboration with many other scholars.® First, of
course, is oy co-laureate Tames Heckman, who
amonz his mawy conmibuilons plopeersd the
nnportant area of dynamic discrete chodce anal-
wvels, Mine other individuals who played a major
role m channeling microecopoanemios  and
choice theory toward their modern forms, and
had a parmicularly impormant mfinence on ooy
own work, are Zvi Grilickes, L. L. Thurstone,
Jacor Marschak, Duncan Ducs, Amos Tversky,
Diapmy Fabnernsn Bioshe Bep-Akiva, Charles
Blanski, and Kenneth Train A gallery of
their photographs is shown in I wish
particularly to cite Griliches, Marschak, and
Twversky, robbed by death of their owm chances
to win Mobel prizes.

L. A Brief History

Claszical economic theory poshilates that
consmers seek o maximize their self-mterast,
and that salf-interest has Broadly defined con-
sistency properties across different decisions.
Atone level, the theory is virmually tautological,
as in this description from a principles textbook
by Frank Taussig {19123

An object can have no value unless it has
utility. Mo one will give sovithing for an
arficle umless it yield him satisfaction.
Dionlxless people are sometimes foolish,
and by things, as children do, to plesse 3
momnent’s fancy; but at least they think at

* Any accountizg of cradit for oy conmbutioss o eco-
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Maclowre, and Hirofamod T, who atracted me to the fisld
a=d tanght me most of whar [ Emosr.

(Page 352 omitted. (Just a picture of some contributors to the field.))
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the moment that there is & wish to be
gratified

The copcept of rattonal consumer behavior was
given 3 mch more specific mesning in the
perfection of the classical theory by Jolm Hicks
and Panl Samuslzon, where self-interest is de-
finad n tarms of stable, innare praferences, and
m Herbam A, Simon’s (1978) words, “The ra-
tonal man of econondcs is 3 maximizer, who
will serle for nothing less than the best™

Theortsts coastderad heterogsneons prefer-
ences. bt this complication was Igpored o arn-
pincal smdies of market demand that employad
the repreceniative comsumier device. A con-
surner with prefersnces representad by 2 uoiliny
fonction LWz} of a wector 1 of conswnpiion
levels of various goods would maximize this
utility subject to 3 budge: consTami p - X = 4.
where p Iz 3 vector of prices and @ Is income, at
a demand function x = d{a, p). This mapping
was then assumed to hold at the market level
with 3 dishurbance e added to account for dis-
crepancles in observed data, x = dia, p) +
#. The disturbance was mferpreted a5 conung
froon measurernent emror in X or possibly from
consumer mistikes in optimization. Only rep-
resepfative demand dig, p) carriad restrctions
mnpesad by consumer theory.

The rapidly mncreasing availability of mi-
croecopomic data in the 1960°s led econo-
metricians to consider more carefully the
specification of mdividnal agent behavier. In
1957, Zwi Griliches pointed out that random
elemants appearing in the consmaints or objec-
tves of economuc agents would prodoce disnr-
hances in observed behavior whose properiies
depended oo thelr source and whether they
were kpown 1o the agenrs (Grilickes, 1957, Yao
hiundlak, 19463; Griliches and Vidar Bingstad,
1970 I began working on these problems in
1962, in a smdy of producton functicns for
elecincity (vehoyn Fuss et al, 1978; McFadden,
1978a).

In 1963, a Berkaley sraduste smdent, Phoebsa
Cortingham asked me for suggestons on bow
she might apalyze her thesis data on freeway
roniing chodces by the Califormia Departuient of
Highways. The problem was to devise 3 com-
putationally fractable model of economic deci-
ston making that yieldsd cheice probabilites
F.(i}) for the alternatives § w3 fmite f2asible set
. Ioas familiar with the work of psychologists
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on discrete choice bebavior, and thar sesmed a
pronusing place o s,

In 3 s=minal paper on psychophysical dis-
crimination, L. L. Thurstone (1927) inmoduced
a Law of Compararve Judgment m which al-
termative §owith e stonulos level ¥ ois per-
ceived with 3 nonnal error 35 F, + oe. The
choice probability for & pared comparison then
satisfied Py 5,(1) = $((F; — Fy)ier), a form
nowy called the binomisl probi model. When the
perceived stimmli F, + e, are interpreted as
levels of santsfaction, or utlity, this can be -
terpreted 83 a mode]l for econoanic cholce
Thnarssone’s work was inroduced into econotn-
irs by Jacob Marschak (1960, who explored
the theorsrical nnplicatiens for choice probatil-
res of maximization of uilities that contained
rapdomn elements. Marschak callad thes the Ban-
dom Unility Moamizater (BUM) model.

An inflnentia]l smdy of choice behavior by B
Chincan Luce (1959) moroduced an fdapandenca
Jom freelevant Alrarmanmes (IIA) sociom theat sim-
plified experinantal collection of chowe dats Ty
allowing mulnnomial choice probabilities o be
mferred from binonial cholce expenments. The
ITA axipm stafes that the rado of cholce probabil-
iies for altemartives ¢ and § 15 the same for every
choice set O that inchades bods 7 smd J; Le., B
B = Py .:_I:.':I-'P“_”I'_r'_].ﬂ Luce showed for
positive probabilities that ITA mmplies stricr wifi-
tes w, such that P} = w5~ w, Marschak
proved for 3 fmie wiverse of ofjects that LA
mplies RV

I proposad for Comngleam's ressarch an econo-
reemic version of the Lure model in which the
sirict wiblides were specified as fimctons of ob-
served atnbues of the aliemadve freewsy roues,

(1) P.(i) = exp(F,) 2, exp(F,).

LS

In this formula, F, was a [ysiemanie il that
I took to be a linear function of measured at-
mibutes of altemative &, such as consmacton
cost, Toure length and areas of parklsnds and
open space taken, with coefficients that re-
flacted the tastes of the decision makers, and O

* The axicn: ca= alvo ke writhen as B0 = Pyl « Pl A)
for § £ A T O, a vanamt that allows some ahematives o
hza 2 zaro probability of bing cheosen
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was a finite set containing the feasible choice
alternatives. I called this 2 condivonal legit
modal since in the case of binmmial cheice it
reduced to the logistic model wsad in Biostaiis-
tics, and in the multinomial case it could be
mterpreted as the conditional distobuticn of de-
mand given the feasible set of choice altama-
tives O Today, (1) is more commenty called
the muinnomial fogit (MNL) model, and I will
use this more conuwoon temunolegy. [ dewval-
oped 3 compuier program o estimate the MINL
rpdel by maimum likelibood, 8 powtrivial task
in those days, and Cottingham completed
her thesiz before the program was working
(Cottingham, 1966). However, Iwas evenmally
ablz to use the model to awalyze her data
(McFadden, 1968, 1976).

The characierization of alternatives in the
ML model in terms of their “hedonic™ at-
mibutes was nanoal for this problem, and fol-
lowed the psychometric tradition of descriing
aliermaiives m terms of physical stinmli. In em-
pirteal consumer theary, this was an early im-
plementation of the bedonic formmlation of the
consumier problem  developed by Griliches
(1941} and Kevin Lancaster (1966).

As part of ny development of the ML model,
I mwestizated fimther its FUM foundadons. 1
showed that the Doce roodel was consistent with 3
BUM model with mdependent idenfically dismib-
uted addidve disnobawnces if apd caly if thess
disturbances had a3 disoibudon called Exfrerms
Value Type I Earlier and independenthy, Tomy
Mhiartey had established sufficiency (Luce and Pat
Snppes, 19850 et Fichter apd T also established
a general necessary and sufficient conditon for
choice probabilities o be conststent with BN
an Arxiom of Revealed Stochasric Prgferance
(AFSE): choice probabilities are BUD-consistent
if and only if for oy finite sequence of events (O,
i), whare O 15 a set of feasibls altematives and i
iz & chowe, the swn of the cholce probabilites
does not excesd the maxitum mumber of
these events consistent with a3 single prefar-
ence order (McFadden and Marcel E. Fichier,
1970, 19907,

Viewad as a statstical model for discrets
response, the MWL model was a small and in
refrospect obvious conmibaton (0 DUCTOeCOLRD-
reetric analysis, altbough one that has mroad ot
o have many applications. The reason moy for-
milztion of the MWL mode] has received marsa
attention than others that were developed inde-
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pendently during the same decads seems o ba
the direct comnection that I provided to con-
siner theory, linking wmobserved preference
heterogensity to a fully consistent description
of the distribaton of demands (BMMcFadden,
1974a).

I had an opporiumity to develop additional
applications of discrate choice analysis during
a visit to the Massackmsetts Institute of Tech-
nolegy in 1970, At that time, Peter Diamond
and Fobert Hall had developed a separable-
utility, multstage bodgeting, representative
conswmer model for the complex of consumer
transportation decisiens, inclnding commuts
mode chedce, and freguency, timing, snd des-
tinaticn of shopping twips. They iovited me to
operattonalize their modal so that i could be
estimated fom data oo individual frip-taking
behavior. T did 5o using a nested version of tha
MML model, with the nesting levels corre-
spondimg to the separable utility stracmire and
with inciusive values carrying the mpact of
lower-level decisions inte higher levels in tha
same way that sub-budzets are  carried
through  nmlfistage  budgetnz  problems
(McFadden, 1974b; Thomas Domencich and
MicFadden, 1975). My mestment of mclusive
wvalnes numed out to be approximately righs, s
a superior exact fonuoula for inclusive wvalues,
utilizing what has come to be known as the log
swm formiala, was discovered by Moshe Ben-
Akiva (1972).

Begioming in 1972, I crganized a large re-
search project at Berkeley, with support from
the Mattonal Science Foundstion for the pur-
pose of developing tools for ransportation plae-
wog based oo muicroeconoanetric analysis of
mdividuzl frawvel decisions. Pamicipants -
clhuded Kenneth Train and Charles Manski As a
nafmral experiment to test and refine nasted
AL models and other empirical BUM medals,
oy research group smdied the impact of BART,
a new fxad-rail rapid Tansit systan bemg bl
i the San Francizco Bay Area. We collectad
data ow the mavel behavior of a sample of mdi-
viduals m 1972, proor to the introeduction of
BART, and estimated models that were than
used o predict the behavior of the same mndi-
widals in 1975 after BART began operaticn.
[Table 1]|summarizes results for the journey-to-
work. In this table, a MINL model estimated
using the pre-BART comunuter data was evalu-
ated af the realized attributes of the altematives,
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mchidmg the new BART altemative, that wers
available o each of the $31 subjacis who wers
surveyed after BART began operation. The cell
counts are the sums of the predicted probakili-
tizs for the sampls individuals classified by their
actual post-BART choice, The standard ermors
i the predicted shares are calonlated taking into
accoun? the precisicn of model parameter
ESLINALES.

There wers some systematic emors in our
predictions. We overestimated willingnass to
walk to BART, and underestimared willingpess
to drive aloms. In retrospact, the methods wea
used to assign an altemative-specific effect for
the new BAFRT mode, and to account for sub-
stimition between modes, were mch inferior o
the market research and modeling methaods that
are usad todsy. However, our overall forecasts
for BAERT wers quite accurate, particularly in
comparison to the official 1873 forecast, ob-
tained fromm aggregate Eravicy models, thar
BART would cammy 15 percent of conuwnute
mrps. We wers ucky to be so accurate, given the
standard emors of our forecasts, at even dis-
counting Inck, our smdy provided smong evi-
dence that disaggragate BEUNM-bazed roodels
could oumperfonn cooventional methods. Our
procedurss weare also more sensitive o the op-
erational policy decizions facing transpomation
planners. On the basis of our research, and other
smudies of the effectivensss of BLM-basad
maval demand apalvsiz, these methods have
hean widely adopted for mansportation planning
aroumd the world. Detzils of our research ars
found in McFadden et al (1877) and McFadden
(19781, The obwious similarities between the

ravel demand problem and applications such as
education aod occupaiion cholzes, demand for
consumer goods, and location choices have lad
to adopticn of these methods in a varety of
smuglies of choice behavior of both consumers
and firms.

IO Refinements of Economic Choice Analysis

At 3 cholce conference mn Paris in 1998 3
working group (Ben-Akiva ot 21, 198097 laid ont
the elements in & comemporary view of the

peory of cholce; an adaptation is shown in
Fizure 2| The fizure describes ope decision-
ruaking task in a lifelong sequence, with ear-
Her imformadon and chowces operating throush
experience and memory to provide comtext for
the cuorent decision protlem and the results of
thiz chedce feading forward to finerce funrs
decision problems. The beavy amows in this
fizure comcide with the economisis’ srandard
model of the chodce process, a theory of rattonal
chaice in which individuals cellect informiation
on aliemmatives, use the miles of probabilify fo
conver this information mio perceived at-
mibutes, and then zo throusgh 3 cosmitive pro-
cess that can be represenied as agsrezating the
perceived ammbue levels into a stable one-
dimpensional wtiline index which is then maxi-
ruized. The lighter smmows i the diagram
commespond to psychological factors that enfer
decizion-making; thess I will discuss later. Tha
concepls of percapiion, prgference, and process
appear in both econoonic and pesycholegical
views of deciziop-makins, but with different
views ow howw they work.
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Fuauige 1. T Coomce Prociss

A Fundomenrals

The heart of the standard or rational model of
gconormics 15 the idea thar conswmers sesk o
maximize innate, stible preferences owver the
guantities and anrdbates of the commodities
they consume. This holds even if there are -
termediate steps in which rane poods are trams-
formed by the individwal to  produace
satigfocnions that are the proximate source of
utility, a.g., travel is an mput to employment,
and shopping activites are inputs to household
production. An impertant festure of the theory
Iz the conzimer sovereienly property that pref-
erences are predetenuimed in any choice sitns-
tion, and do not depend on what alternatives ars
availsble. Succinctly, desirabiliy  procodes
avariabiii.

The standard model has a vaguely hiological
flavor. Preferapces are determuipned from a ge-
netically coded rasie remplarg. The model al-
lows experience to infuence how preferences
consistent with the template are expressed.
However, most applications of the standard
rupdel lagve ont dependancs on experience, and
much of the power of thus medsl liss in is
ability to explain most paiterns of ecopords
behavior witionr having to account for expert-
BICE O Percapiions.

The original formmlation of BLM as a behaw-

roral hypothesis samed from the standard modsl,
with randomness snrbuted to unebserved hetsro-
EBDBLy in tastes, experience, snd infonoabdon on
the amribaee: of alternatives, Parametsrizing tha
utilicy function and the dismibution of the ramdom
factars yielded parametric models for the choica
probabilities,. conditoned oo observed atmbutes
of alematves and charactaristcs of the decision
rusker. The WL model is 2 tractaile ecample It
i wseful o review this dervaten of the BLTM
explanston of choice behavior, taking a careful
book at the meanme of itz fundamental elements)
and the scope and Imitations of the models thar
corpe ouf. I believe this is pamicularly aue for
anahysts who want o oy o combine ecopomic
muarket data with experinental daia oo prefer-
ences, of who want o bring o comutive and
peychomemic effects that are ignored o the stan-
dlard model

In the standard model, conswmers have pref-
ergnces over levals of conswnption of goods
and leisure. When goods bawve bhedowic ai-
mibutes, praferences are defined to incooporata
the conswmer’s subjeciive perceptions of thesa
atiribuites. The expressed praferences of tha
consmers are functions of their tasee emplate,
exparience, and personal characteristics, inclad-
g both observed and unobserved componsnts.
Mild ragularity conditions allow us to represent
preferences by & contmuwows real-walhied uriliny



P, BT N X

fanction of the charactenstics of the consumer,
and consumpiion levels and atmibutes of goods.
Consumers are heterogeneous in unobserved
characterisiics such as their tasts templates and
the miechanizms they usa to form perceptions. I
will assiwne that the wnebserved characteristics
vary contimaously with the observed charactesr-
istics of 3 consumer. For example, the tastes and
perceptions of an mdividusl change smoothly
with age as long a5 there are no wajor shifts in
ohiserved characteristics. Technically, this is an
assumipticn that nootserved characteristics are a
connnuons random feld indexed by the ob-
served characteristics. An implication of this
assumiption is that the conditional diswibution
of the mwobserved characteristics will depend
contimaonusly oo the observed characteristics.
This asswuption is pot very resoiciive, and can
essentially be mada frus by constmaction.

Cne important restriction that conswmer sov-
ereignty places oo the conditicnal distribution
of unobsarved consumer characteristics s that it
camnot depend oo currens economic variables
such as powwagze incoane, the wage rate, and
goods prices, which determing  feastbiliny
through the conswmer’s budzet, but are ex-
chuded from influencing tastes. The conditional
distribution can however depend on the individ-
ual’s hisrory of economic stams and choices
thronzh the operation of experience on the ex-
pression of preferences. Under mald regulariny
conditions, the random field of nwnobsarved con-
siwner charactenistics can be wriften s a con-
tinuous wansformation of a wunform continnous
rapdomn field; this is an exrension of an elemen-
tary result o probability theory that a wuni-
varizte random varable T with distribution F
can be writken almost surely as T = F Y
with v a nniform (0, 1} randmn variable, This
mansformnation can then be absorbed into the
definition of the wtilicy function, so that the
dependence of the utlity functicn oo vmob-
served consuner characterisiics can be repre-
sented canomically as 3 continuous fanction of &
uniformby dismbuted random vector.

I consider discrete cholce from feasible sets
contzining finite munbers of mormeally exchisiva
and exhaustive alternativas that are character-
tzed by their observed atirbutes, with other
aspects of consumer behavior taking place in
the Backzround. Supposa for the moment thar
the coosumer is assigped a specific discrete
alieruative. Given this altemative, nonwaze -
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come net of the cost of the alternative, the waga
rate, and goods prices, the consuner will chopss
leisure and consumption levels of remaining
goods to maximize niility subject to budgst and
time constramts. The level of nitlity attaived is
then a fimction of the atmibutes of the discrets
alieruative, observed comsumer charactenstcs,
a unifomuly distributed random vector charac-
terizing unobserved consumer charactenstcs,
and the economic vartables that defernune the
budget constraint Det nonwage income, the
wage rate, and goods prices. The theory of
optimization fmplies that this is a classical m-
direct utility function, with the properiies that it
has a closed zraph and Iz quasi-conwex and
homogeneous of degree zere in the economic
varizhles, and increasing in nef pomwage -
come. Under fairly mild conditions, it is possi-
hle to require that the indiract utility fonction be
convex, rather than quasi-comvex, in the eco-
notc variables. The last step n applving the
standard madel o discrete cholce 15 to Tequirs
the consumer’s choice among the feasible alier-
natives o maximize conditional ncdirect whility.

The finctonal form of the canomical indivect
utility function will depend oo the stuchre of
preferences, inclhewding the Tade-off benmween
goods snd leisure 335 nomwagze income or the wags
rate change, the role of hoasshold producton in
detenmining how goods combine o satisiy peads,
and separability propertes of preferences. The
orizinal 1970 fomoulation of the B mode] fior
mavel demand applications fit inee this famework,
m some variant of the form

(2) U'=F+n and
F=[la-(a—ciw—B-r]-w"+ zix, 5)-y.

I this fornmila, @ is nomwage moomne, ¢ is the cost
of the altermuatve, wis the waze mate, with (g, ¢, w)
all expressed m resl terms with other goods prices
maplicit, £ is the time required by the sltematve x
iz & vector of other observed atwibnstes of the
alternative, 5 is a vector of observed characteristcs
of the consuper, and z(x, 3) is & vecior of pre-
spacified fimctions of the argmneants. The (w, 2, ¥
ars parametars, and @ detennines the elastcity of
the demand for leisure and is commonly assumad
te be etther zere or cne but can be a paramester in
(0, 1) comresponding to 3 Stope-Ceary specifics-
don for systematic wility (MIcFadden and Kenneth
Train, 1978). The 1 is an additive disturbance
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sumunanzing the efacs of mnobseryed consmmner
characteriziics. Whean 1 = —logl —logie)) and e
g are umifonoly disimbwed and iwdependent
acress sliematives, the distobapces are indepen-
dently identcally exireme value distibaed and
produce a B modal (1) in which the systemanc
utility has the form (2} for each &£ = O

A namral guesdon to 33X in retrospect is how
resmictive this specification is, and to whar degres
It can e madified o sccommadae mors saneral
RN -consistent behavior. The snswer i3 that hoth
the linear dependence of sysemmatc wility oo eco-
nonuc vartables and the disoibutional assuonprion
vialdmg the TA proparty sre guite specizl. Whils
tha modal works well a5 5o empirica] approxina-
fon n surprsmely meny applications, it ooplies a
imiform patiern of subsdnuiion betwesn altemns-
dves that may not be behaviorslly plausitle A
mmer of mare flexible and more or less Tactakla
families of models heve besp developed with
rore generz] dependence on explanatory var-
ailes and'or dismibutons of unobservables thar
penmit mwore general paremns of substinibon be-
Dween alernatives.

B. Modelz for RUM-Conzizrant
Choice Probabilitias

The MML model has proven fo have wids
empirical applicability, but as a3 theoretical
reode]l of choice behavier its ITA property is
unsatisfactorily restrictive. Exsmples dus o
Tolm Chipruan (19607 and Gerard Debren
(18600, Lawer elaborated as the “red bus, blus
bus” problem in Tansportation applications,
shiorar that we can sometdmes expect this model
to fail MNesred MND models, seweraiized ox-
ireme vaiue (GEV) models, and mulimomial
probit (WINEY modals have bDeen developed do
relzx the resimictive properfies of the simple
MML model These are ofien very nseful, bt
remEin resticive in the sense that wactzble
versions fall short of being able to reprasent all
RUN-consistent bebavior One famnily of BUM-
consistent discrete cholce models thar is very
flaxible iz the random paramieters or mdwed
roultnomial logit (WIBDL) model

ZEV models were miroduced snd their BLUR
consistency established io McFadden (197800
Define 3 GEF ganaraiing fiosciion Hiw,, . Wyl
o e 3 nonnegadve lnesr bomogsneons fancton
of w = 0 with the propesty that H moes to +oo
when sy arsument gpes to +oo, and with confn-

SLNE SO

uots rmixed pamial derivadves thar alemmate in
sizn, with nopnegatve odd mixed derivatives.
Then Fimy, .. M) = exp{—Hg ™, ..,¢ ™)iza
Jeint dismbudon functon whese ons-dimensienal
muaTEingls are exgeme vile dismbutons. Coo-
sider 3 BUM modsl &, = F, + 7, for a set of
alternatives O = {1, .. J}, where the 1's kava
thic distribution. Then E meee, u, = log(He™, .
') + & where [ = 057721 _. is Euler's con-
stant. The B cheice probabilities are given by
the derivadves of this expectation, with the closed
fonm

(3} P.if)

—_ -E‘I.-Hﬂ:ﬂ?l: == E?J]-'HI:EFI: bl Er..:l'

Cine example of a GEV generating function is
the linear fimction & = wy + - + w,; this
vields the MMNL model. More complex GEWV
medels are obtamed by repeated applicadon of
ike following result; I sefs 4, B satisfy 4 L)
B = 0C, and w,, wy, snd W, are the corre-
sponding  subwecters of (wy, ... w), If
Hw ) and B (w,) are GEV generating func-
tions in w, and Wy, respectively, and ifz = 1,
then H-(wg) = H'(wy)'" + H'(wy) is a
GEV mepersting fumction in w,.. The parameter
lis is called an mclusive value cogficiant.
Neztgd MNL models are defined by applying
this recursion repeatedly o nonoverlapping sets
4 and B, and the arguonent shows they are
FUM-consistent.

Dlimivmes of EUM-consistent choice models ars
azain PIL-consistent. For example, if sy,
wy, ) 1s 3 family of GEV generzting funciions
mdened v paramiecsrs o that defenmine nestng
structare, weights, and mclusive valees, and one
hias a distriuation owver o that does not depend an
econormdc varizbles, then the BUN model w, =
F + n,with Fin), ... my) = E_ exp(—ERa™™, __,
¢ " o)) has Emax w, = E_ log{Hg", ..., &,
]l + £ and choice probabiliies satusfving
PA) = o(E, max, u)aF, = E¢ 'Hig", ...,
¢ aVHig", ..., & o). Usafiil specislizations of
the GEV family can be foumd in BMMcFadden,
(1981}, FKenneth Small (1987), and C. F. Bhar
(1008).

A drfferent approach that established the BIM-
consistency of s important famudly of nested
LML models was taken by H. W C. L. Williams
(1977 and Andrew Daly and Son Zachary
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(1078, The Williarns-Draly-Zachary fonnulation
established toro results that are wsefid mare gen-
erally. First thev showed that an exreme value
dismibated random variable X can be writen as

the sinn of fwe mdependent random vanables T

amdl £ with £ slso exireme value disqibwsed, ifand
oly if the scals factor for Y is st least a5 large as
the scale factor for £ Second. they effectively
showed that o the farnily of BUM models witd an
addiive linesr nomwage income term expecied
v wility behaves like 3 “Tepresentstive
canswmer” indirect wility fimedon wit the prop-
erfy that its price dervatives are propordonal to
the choice probabilices. A nested ML mvodel
with no income effects has the propery that is
chioioe probabilides are given by derivatives of s
top-level inchisive value. Then one can sstablish
that 3 nested ML model 1= consistent with BT
by showing, for suwtable rapge resoictions oo in-
chusive value coefficients, that its top-level inchi-
sive value meets the pecessary and sufficient
curvanre condittons for an mdirect ulity fume-
don. Proofs of these resulis are swen m McFadden
(1981} and NMcFadden and Train (2000).

Creneralized esreme valee famulies of choice
meedels avold some [LA resmiciions, bul cammod
represent all RN -consistent behavior. The MNP
reediel, obdamed froan 8 B model wath addiive
nonnal distnobances that bave a general covarn-
amce smcnre, is gquite feble bar its choice
probabilities roust uswally e writen n open form
as rultivariate tegrals thst raguire nwmerical
miegraton Spedal resmictions swch as facior-
amalyiic covarance socnmres are needed o nuke
these models mactable McFadden 1981, 19084
However, simuladon-based estmaton methads,
discussad Later, have mproved our sbility to ir-
plement farly zeneral forms of these models in
applications.

Recently, McFadden and Train {2000} have
established a somewhar swprising snd coove-
nient mixed MNVL (MAEIL) approcimate repre-
sentation of auy regular BUA-consistent chaoice
proabilittes. Stam fom the capowical represen-
taiton of the standsrd meodal described earlier.
Diake the fairly mild sssumpiion that the class
af a1l feasthle sets iz compact Perturb the ca-
nonical indirect wiility functiens by adding m-
depandent Extreme Value Tvpe [ disnubances,
scaled so that the probability is very small that
the original and permurbed indirect utility func-
tions erder alerparves differently. Further,
appreccimats the canonical mdivect wilicy -
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formly by a Bemstein-Wailsrsirauss polynomial
m the observed arguments snd the waniformby
distributed wvector of unobserved charactens-
tics.¥ This can again be dons so that the prob-
abiltiy of the approxionation chanzing the
preference order is very small. Coadition on the
uniform random vector that entars the uttliny
function, and then infegrate this vector out o
obtain the MMIMNL model,

| 1 il..'.'u-_r_-

4 P.iii=
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In this fomrmila, e 13 a vector of polynormal fume-
dons of the uniforn random vector e, and the E,
are vectors of pohvnomial finctions of observed
charactertstics of the consumer and observed at-
mibuees of alterpative §. It 1= onmedizte from s
dermvation dest every MALDL madel of the form
(2} is PIMM-consistent, provided the funciions
L,-ae) are indirect ublity fmctons for
each & The madel (<) has the mierpretation of 3
MWL modsel of the usual linear-in-paramessrs
fomn in which we allow the perametsts to vary
randomnly, sod m which we allow a flexible defi-
mithon of dee systemanic nility of an altemative by
mirochicing 3 series approximation m the obsarved
atmiiates of the alematve, intetacted with ob-
served claractenstics of the decision maker. In
principla, the approdmaton emors o this fomm-
Latiow can e bounded and the order of the poby-
nonual requioed fo schieve 3 desired lewael of
aocuracy can be detenmined in advance. However,
the gquantfies this caloulation reguires sre ofien
imsvatlakle o applications, and I is beter o nse
an adaptive ar cross-validadon method fo deter-
rminge a stopplog point for the spprovimaton. The
shape restrictioas required on X - i) are most
exsily imposed conponent-by-component, with
sizn resoictions on the comespondims componsants
of o, Theoredeally, it £z possible fo select 3 hasis
5o that this can be done without lesing the wni-
form approximation property, bat fhis has bean
done constructively only for one and two di-
reensions (Ceprge Anastassion and Xisng Yo,
1902 Luromir Dechevsky snd Spridon Papey,
180T Altemately, one can proceed withont

! Crther Elazal bases for the appreccmasion cam alio B
uked, and may bave advaztages m teems of pamimorny and
the mmposition of chipe restnctons.



I FHE AMERICAN SOONOMID RElins

mposing the shape restrictions, and test for
them in the range of the observations (Cromald
Browm and Fosa Matzkin, 1898).

Cne can approximare the disoibation of the e
coeffictents in (4) by a diswibuton concendated
ow a finrte set of pomts, with the probability
weighis at these points treated as parameters. This
1z called a ladent class model. It is possible to use
Latent class models o obtain nonparamenic aso-
mextes of any family of BUM-conststent chodcs
probabilities by the method of sisves. The lafent
class model is a sigle hidden-laaer feedfeward
newre] nenvard (with MWL activation fimetons),
and the asyroptotic approccmation theory that has
been developed for neural networks can be ap-
plied o establizh coovergence rases and stopping
rabes (Hal White, 1989, 1982; Bing Cheng and T
hchssl Tirerinzion, 1994:; 3Haohonz Chen and
White, 1995; Chunrong Ai snd Chen 19985, It is
posstble to develop other B -consistent ap-
procdimadons o fSmiliss of choice probabiities
that zre vsefil m soome applications (John Dagmik,
1984y

Summarizing, I have ontlined a result which
says that any well-behaved EUM model can be
approccimatad by a MMNL model, or alternately
by a latent class model, provided the transfor-
muations of obsarved variables apd the random
distributions that enter these forms are suff-
ciently faxible. The MWWL modal was intro-
chaced by Scott Candell and Fred Dumbar (19807,
With the development of conventent simnlation
methods for estrnation (David Fewvelt and
Train, 1928}, it has become widaly nsed.

To illustrate applicaticn of the MDJNL
rupdel, T will describe a smudy of wout-fishing
destination choice conductad as part of an as-
segarnent of damage that copper nuning causad
to recreational fishing in the Clark Fork Fiver
Basip in Montana, A samople of 962 fishing wmps
to 38 sites on Montana rivers, made by I38
anglers, was collected in & household sumvey
conduwcted by William Desvousges and assocl-
ates at Triangle Econoruic Fesearch (19948). Tha
varizbles in the smdy are described in [Table
f] These data have been used by Train (1998) to
esfimate MOWVNL maodels of the fonm (4) for
fishing site choice. This smdy assumes an ind:-
rect wility model U7 = (e — ¢) — Bwi +
z{x, 5)y, where the notation is the same asin (2],
and the parametars (o, B, ¥) vary randomly over
the population with a spacification that fines the
ratic Bl and for the estimates described in

SN S

Table 3|makes o and ¥ to have independently
distributed componants that are either nommal or
lpgnommal. The table gives percemtiles of the
estitzated paramater distributions. Notable In
this made] is the spread in the distribution of
tastes for nomber of trout, which daterminss
catch rates, amd the division of anglers be-
rweel positive and negative fastes for camp-
grounds and number of access points, which
provide couvenience bt also produce crowd-
ing. The elasticity is the percentags increass
in the probability for a site resulting from 3
I-percent increase in the explanatory variabls
for fhat alterpative, caleulated ar sampls
average values for the wariables and the
probabilities.

C. Estimating Wallingnass-to-Pay in Dizcrata
Choice Modals

Applications of discrate chodce models to aco-
noanie pobicy problerss often call for estmstion of
Willnmess-to-Pay (WTE) for policy changes.
For exampls, the Montana oout-fishing study
souzht o desermiine WTE for the morease in fish
stocks that wounld coane froan restoration of nanral
riparan conditons. For the MWVINL model m Ta-
hla 3, which iz independent of norwage Dnoolmes,
mean WIE bas 3 convenient exact @pecied fog
s fomn in the systematc ublities before (17
and after (F7) the change,

(3) WTP
1 fexp(F) + -+ axp(F00
P g-,ex]}i}"]] + o oaxp(F0 )

= o By

This is a case where Hicksiap and Marshallian
measures of connuomer swphes coincide, and also
where preferences can be aggregated into repre-
sentative “conuwmumity” preferances (Cldprosm and
Tames Mloore, 1900; McFadden, 199900
When the indiract ntility function is not linear
apd additive ip nowwage income, computation
of exact Hicksian compensating variation is
mackh rmore burdensome. McFadden gives
bounds thar will sometimes suffice for policy
apalysis, and develops Monte Carlo Markov
Chain methods for numerical caleulation of
exact WIP. PFecently, Anders Karlstrom
(2000 has developed numerical methods that
simplify these caleulations.
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Tanig 2—Exriamarony Wantames ron Trovr-Feonreg Destivanos Cuoece m Bosmaxs

Wariable Diwcopiion Muaz Standand deviatien
Troat wéock Fhmdreds of fich par 1000 of creans 1.713 1.468
Trip cost Trawsl cost bo e s, Ecbadieg the varizble cost of f38.12 §3524
driving z=d tha valea of o spest drivizg (raloalesed
at ‘4 e anglar’s wage, of B = a3
Azcoas Mumbar of wans-dasizared acceic arsan par USGE black 0172 0.303
Azetherice Ratizg 010 3 (Montane River Infommon Syriem) 1.384 {1.66
Campgrommds Mumber of cempgrossds par USGE block 0195 .198
Mlzjar Major Sching ama [dmspler’s Cabde to Montaoa) 0.53 0.501
Farricted Mumber of metricsed species ar the @t (eF. mandased 0.339 0.op2
caich'relsace]} duning womos of yuar
Logsizs Log of mumber of T'5E5 blocks that contain the wie 1644 01664
Fource: Adapred from Fez=gth E, Train, “Fecrsaticn Dezuand Medals with Tase Diffarsaces ovar Peopls,” Land Eromosies,

Wal. T4, Mo. 2. & 1998, Boprizted by pecmissiom of the Univeraty of Witcomsn Prace

Tamay 3—3ANL Moo or Feonira Srme Creoice wim Irsnimsicest Baroom Papameries

Dixinbution of cosfficiamt

Pamamcesr Progestion Elagnicey

Wariable disiribution 10 pasrantls Madman 810 permantils Pposits {at modizs cosficiend)

Trous wock Lognormal 2le) b 0036 QBT 10 0008
Stamdard armes ool 0.034 elep)

Trp cost Lognormal —0x33* —0.001* -3z el —7.945
Stendard ames Quogo 0.006 elees)

Acces Neormal —3350 —0.050* 1470 a3l —0.161
Stamdard armes T3 0.361 0352

Asstheoo Lognormal CLLTE* 0.452% 1342 14 0.616
Stendard ames ke e 0.103 ol

Campgromds Normal —100%® 1116 11374 033 002z
Stendard ames 853 0.323 sl

Mwjar Normal —L.7a5 1.016* 3531 QsE 0.36
Stamdard armes c4al 0.280 QLF2

Bastricted Normal —1L551# —0.490+ Q553+ o —{.166
Stendard ames 0343 0131 a7l

Logsiza Finad QE3 e 00535+ Q53 e 10 0.847
Stamdard armes cLloE 0.108 0108

Fowrce: Adzpied from Fenneth E. Trein, “Beoreetion Demand Bodelk with Tasse Differsacess ower Peopls,” Land Esomorles,
Wal. T4, Mo. 2. & 1998, Feprizied by pecmissiom of the Universty of Witcozsin Prack.
* Sigmificamt at the 1-pesvent levad.

L. Dhmemic Models

A major openms up of the study of econormic

choice behavior ocours when one s to data
on repeated choices by the smume mdividuals,
and the dvnamics of discrete choice. It is n this
panal framewaork that the operation of expert-
ence on the evelntion of perceptions and tastes,
postulated n can be examined empir-
teally. Fepeated decisions slse allow ons o

study FUN theory as an nira-consumer, 35 well
as an oter-conswmer, madel of taste variation,
providing a Ik to psycholemical models of
decision-makins, Analysiz of the dyosmics of
dizcrate choice bas been pioneerad by Jarnes
Heckman (19813, &), who recognized the criti-
cal reles of matal values and recursive souchrs
m well-specified dynarmic models and s respon-
sible for the fmdammenial development of
appropriate scomometric methods. Dhynarmic
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mpdels bave imporant spplications fo Issues of
laror supply and job stams, and also to 3 vanety
of subjects rapging from the timmg of purchases
of mew zoods to life-cycle decisions like
retirerment.

An muportant element moanslysts of the dynarn-
ws of discrers choice has been the terraton of
expectations info choice decisions, throush dy-
nArmic opdimiration (Jobm Past, 19947 and throush
mieractions betwesn azents (Tean-Jacoques Laffons
amed Crusng Vuons, 1996), The Last topic is relased
i A mioTe general sswe n discrete chodce analysis,
Im mawyy rodcrpeconomic dats sees. the explanatory
variables bekind an ecomomilc choloe can be
meated as predstermiinad, becanse the feedback
from decisions of individus] consinners o market-
level econormnde variables Iz wesk However, in
v reodels where ourent umaobsarvablas ara
not necessarily ndependent of past history, ar in
“hin™ markets whene there is srategic feraction
hetween agants, feedzacks become stroagz snouzh
5o that it is pecessary to desl with endozensity in
explanstory variablas,

E. Discrore/Contimuous Choicg

Discrete and confinuous components of
econormlc decisions are fully interrated in eco-
nomas cholce theary, through conumon prefer-
ences and tme and budget constramts.
However, this integration has rarely been car-
red throwgh m empircal swdy of consumer
behavior. Jeffrey Dubin and BcFadden (19E84)
develop & consistent model of discrete and con-
tinwows decisions for application to choice and
use of comsmmer products, but the cost of com-
putational tractability is a highly restrictive pa-
ramaterization. Futher development of this
topls, perkaps using semiparametric estimation
o ralax model restrictions, Is neaded

OI. The Psvchology of Chaice Behavior

In psvchological thepries of the choice pro-
cags, the individual is less orgawized, and mora
adaptive and hnitstive, than o the econemists’
standard model Psychologicsl descriprions of
decision-making are both colorful and inmuitive.
Aitirudas play 3 major role in determining bow
consumers define the decision-making fask. In
the words of Daniel Eahneman (1887, “Econ-
ormists have prefsrepces; psychologiss have
attiudes.” 4fect and mofvatiion are key defer-

MR

ruinznes of amtudes; they also influence the

percoprions that feed into_the rhodce process
(see the lizhi smmows in In thess
thearies, the econonusts’ calouhis of utility as-
sessment and marimizstion is reduced o one of
many factors o the decisicn-making environ-
reent, with an influence that is often overriddsn
by context effects, emotion, and emmors in per-
caprion and judement (see Ola Svenson, 1979;
Tororyy  Garling, 1992 George Lowenstein,
1906 Experimental evidanca and self-reportad
decizion protocols support the view that bhevris-
tic males are the proximate drivers of moest ho-
ruan behavior. The peychologist Drazen Prelec
(1991} distmswishes this wview of decision-
making from wilitv-maximization modals by
the cognitive processes mvelved:

Decision analvsis, which codifies the ra-
tonal model, views cholce as 4 funds-
meenmlly technical problem of choosing
ike course of aciion that maximizes a an-
dimpenstonal criterion, whility, The primary
reental activity is the reduction of naal-
ple atrbutes or dimensions fo a smgls
one, through specification of vahue wade-
offs. For mule-govermad action, the finds-
reental decision problem is the quaszi-legal
one of consiructing a satsfying interpre-
tation of the choice situation. The primary
muental activity inwolved in this process is
ke exploration of analemies and distinc-
tions berwesn the ourent situstion and
other canonics] choice simations in which
a smgls mile or principle nnsmbiznonshy
applies. .. The purpese of mles nmst be
derivad from soane weskness of our nat-
wral cost-bepefif accounimg systern, and
one ruight expect o find miles proliferat-
g in exactly those choice domains
where 8 pangal wiilitarismism doss oot
produce satisfactory resulis.

Human bebavior may be governad by niles,
it iz possible that these miles simply encods
preferences. The evolutionary and behavioral
arguanants wed to explain the reinforcemeant of
self-protective rules svstems also suggest that
selection will faver mles systems thaf consis-
renily advance self-interest Many psychologisis
argue thar bebavior 1= far too sensitive to con-
text and affect fo be uwsefnlly melated to stable
preferences. However, if there are wmderlying
preferences, thew even if the lnk from prefer-
ences to miles is quite nodsy It may be possible
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to recover these preferences and use them fo
correctly evalnate scononuc policies, st least as
an approximation that is good enoush for gov-
emmanent policy work.

The existence of underlying preferences is
a wital scientific question for ecopomdsts. If
the answer is affinmative, then the evidence on
decision-makimg  foon  cognitive  pesychology
nnplies only that economusts nmmst look through
the smoke screen of miles fo discern the deeper
preferences that are needed o value econommic
policies. This is a difficult task, but not an
mnpossible cpe If the answear is pegative, then
econorists need to seak a foundation for policy
analysis than doss oot require that the conceps
of “greatest good for the zreatest number™ ba
meaninzful. T am gnardedly optimistic that the
question kas an afimuatve apswer. The first
reason is that many behavioral deviations from
the sconomists’ standard miodel ars explainsd
by percaprual illusions and information process-
g emars, rather than 3 more fndanental
breakdewn m the definition of self-muterest The
second is thar many of the rules we do use are
essenfially defenszive, protecims us fom bad
choices. To illustrate, consider the somplifisd
road map of the wine-producing region arouand
Bordesux shown in

Bordesux appears 0 be closer to 5t Emdlion
than to Marganx However, you will mned:-
ately recognize that this is 3 version of the
clazzical Muller-Lyear optical tllusion m which
the distances are actuwally the same. Even after

HAUT MEDQC PALILLAL
MARGALTK
/(‘\H-'[im}l-:ﬂi.lx
SAUTERMES GRAVES

&T, EMILION

Frnipe 3. Eoame m mee Wnis-Propienn Eeoooy
FEAS BORDEALTK
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von are reminded of this, S5t Emilion looks
closer. Could thizs illusign affect behavier? It
may be significant that Fi was adaptad
froon A brochure published by the conpmme of
5t Emilion And in fact 5t Emilion is more
croweled than Margaux, perbaps as a result of
enophiles’ illusions. However, [ douwbt that this
Iz due o mass misreading of maps by wavelers
tr Bordeanx. We learn to be suspicions of our
perceptions. We mayv see things cockeyad, bt
we adopt conservative bebavieral smategies,
such as measunng map distances, that prevent
us from deviating too far from our self-mterast.

In light of this example bow should a scisn-
tist g sbowt predicting iravel decisions of map
readers? Cme place to starm is the Lbrary of
optical illasions. These certainly help to reveal
the cogmitive processes imvolved in wisiom.
However, it is very difficult to synthesize this
library into a forecasting svstarn thar is broadly
predictive. Another starting point is a croda
“wou see what a camera sees” model of vision.
We kpow from the wvery existence of optical
tlmsions thar this modsl is not universally oue.
Despite thes, the crude roode] s broadly predic-
tive, and even more so if it 15 relaxed to accom-
modate some systemmatic illusioas. [ consider
thiz 3 good analogy for economists deciding
by to predict econoanic choloe bebavior. Tntil
the dav comes when brain science nnderstands

bow the cogminve mechamsms operate m Fre-
. - - . _
stoms, I suspect that the standard model,
enhanced to accoumt for the most systematic
perceptual lnsions, will prove o be the best
platforn for evaluating most econonuc policies.

A. Cognitive Hluzions

The preceding discussion kas treated the psy-
cholezical view of decision-making as a theoret-
rcal altemative to the stapdard model, but thers is
now also substantsl evidence dust in 3 labaratory
seftng individuals will somedmes make decisions
that deviate sirikingly and systematcally fom e
predictions of the standard model. The expar-
irmental results of Kabneman and Amos Tver-
sky (e.g., Tversky and Kahneman, 1974, 1981;
Eabperpan and Tversky, 1970, 1984) have hean
particularly influsntial o forcmg economists to
rethink the standard model. from
McFadden (199%a), lists some of the (over-
lapping) cognitve phepomena identified b
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cognitve pavcholomists and behavioral econo-
ruists that appear to inflnence behavior.

Cne Important cognitive phepomenon is an-
chormmg, o which responses are pulled towrard
munerical prompis, even when they are wmun-
formarive (Tversky and Eahoeman, 1974), A
psvchological explanation for anchorng s thar
a prompt cTestes o the subject’s mind at leas:
temporarnly, the possibility that the vmoertain
cuantity could e either abowve or below tha
promupt. This could result from classical psycho-
phvsical discrimination errors, of from & cogni-
tive process in which the sulyject meams the
question &5 3 problem-solving task and seeks an
appropriate famework for “consmucting” a cor-
rect seluticn. Evidence suggests that individuals
are g7 natural stafisticians, placing too much
weizht on readily available mformation and ex-
emplars, and too litfle on background mforma-
ticn that is more difficult fo refrieve. Education
mains mdividuals to wse problem-solving proto-
cols in which responses to questions are basad
nof only on substantive knowledze, ut also oo
contexiual cues as to what & comect responsa
muight be. Consequently, it i3 no surprise If
subjects apply these protocols and wse oumeri-
cal prompis In forming responses.

B. Biaz in Reported Consumplion

I will describe two experiments that show an-
chormnz is at least a problem for measurernsnt in
ecomormds surveys, The first, faken from Michael
Hurd et al. (19980, 13 concerped with response bias
when suljects ars asked to report oo eCoRoIMIC
quantities they may wot kpow with cartingy.
These authors conducted mn experiment in the
AHEAD panel, a large shady of the elderly m tha
United States. Subjects wers askead abour thelir
mondhly consuamption. using s umfpldine brack-
ers formst that ssked for ves'no responses to A
seres of mmmenical prompts. The pafem of
proanpss given to each subject was selected bv
experinaptal design For the range of indfial
promngss wsed mothe experiment fromm 3500 par
reonth to 53,000 per month this led the implied
median consumption levels to vary from 38935

er month to $1.455 per month; see

More derailad ipformation on the experi-
reental resulis s given in The distri-
buticns of responzes for the differsnr
treatiment groups show convincingly that the
apchoring phenoomencn can infroduce  re-

SN FO

sponse bias that if werecognized might sari-
onsly distort economic policy analysis.

C. Bias in Siared Willingnazs-to-Pay

The second stwdy, by Donald Green et al
(1998}, asks subjects recmited from visitors to 3
science nmseum to state ther willingness-to-
pay to save off-shore seabirds from small odl
spills. Subjects were assizned randomily 1o con-
mol amd treatmient groups. Both groups wens
given the following preamizle:

There is a2 populaton of several million
seabirds living off the Pacific coast, from
San Dhego o Seatfle. The birds spend
ruost of their fime many nules away from
shore and few people sea themy It s estl-
ronated that small cil spills kill more than
50,000 seabirds per year, far fom shore,
Scientists have discussed methods 1o pre-
wvent seabird deaths from odl, at the so-
lutions are expensive and exira fimds will
e required to nplanent them. I 5 wsu-
allv not possible to idenrify the tankers
that cause small spills and to force the
companiss to pay. Until this simation
changes, public money would have to be
spent each year to save the Birds. We ara
merestad in the walie wour household
wonldd place on saving about 50,000 sea-
hirds eack yesr from the effecs of off-
shiore ofl spills.

The control zroup was then given thus open-
endad question”

If wou could be sure that 50,000 seabinds
wonld be saved each wyear, what is the
MOST vor bousshold wonld pay In exma
federal or state faMes par vear (o suppor
an operation o save the sexbinds? The
operation will stop when ways are found
to preven: oil spills, or to idewtify the
tankers that cause them apd make their
owners pay for the oparation.
3 DET Year,

The mextment groups wers ziven the refaren-
charn question:

If won could be sare that 30,000 seabinds
would be saved each year, would you aEres
t pay (35} in extra faderal or state taxes



L BTN X

Ao ALK BUDANIANWLIC OO BN Jaa

TanLe +—Coanmve Ermem m Decseed-Rakmn

Effuct Diascription

Anchoring Fatponse: ars inSosoced by cuss contined = e guestion

Avaihbility Ratponces maly too Eeavily on meadily remiered =fermation, a=d too li=le oo backgrommd
wformesion

Conbaxt Provious goestions and intendswer infaraction color percaption

Framing 'refurancs point Chigssion format champss calioncy of difSsmeet atpects of the cogeative tack

Facal Chiz=sitativn i=formation is sored 2=d'or reported cassgorically

Primacy/racsncy Imitial a=d receztly axpenenced sienis 2o e moct caliemt

Projecstion Ratponces ars comsomant with the walf-imags the cebjact widhes to project

Procpect The Skslboods of low peobabilicy svent: are misradzed, and treated gitzar as too likely or
A5 TROC

Fagraiioz Cangality 2=d permianemcn ars attached to past fucmeation, and ragression fo te mean ic

Faprasamtzzivecas
Buls-driven
Saliancy

Stabus que
Suparstition
Tezoparal

underesizuatad
High condisiona] probabilides induce oveunestizaabes of unconditicnal protabilitia:
Meocvacon and self-conmel induce cowtegic racponsu
The most @lient zpects of the guetton are ovsrscapbaszed
Cumpsnt status 2nd history are povileged
Elaborate caal couctoras ame attacked w0 coincides=cos
Tezaporally inconsistent ti=oe discomting

1.0 -
HL:lrI'inH Walue = $2.000

~ 0.4
s
A
c L. z
_E_ 06 | f_;?‘ Starting Value = 53 (WK
: - *
g 0.4 Siarting YValwe = $500
= Lty e
L
-\_.E.- -.l fﬁ
B U2 3 coarting Value = 51000

0.0 t —— 1 .

(L] | L LR TN
x [ Dollars)

Fimiee 4. Mostoey Cossrmrnion oy Stastiea Varos, Comreeme Bracketr Esposises

Fource: The abovs ic from McFadden ot al {1993), “Consunm=pdion and Sesing Balances of the Eldadly,” im Froarkers in ol
Fromowrkes af Aging. edind by David A. Wise and poblished by te Univemity of Chicage Prows. & 199 by the Naticoal

Burean of Ecczcmuic Racsarck. All rights reservad.

DEC VEAD 1D SUDET a0 operyton to save the

seabirds? The operstion will stop when

ways are found to prevent odl spills, or to

rdepnfy the fankers that cxmese them and

rake their owners pay for the operation.
Ye: No.

Thus question was then followsd ap by an open-
endad question:

What iz the MOST that youw would be
willing to pay?
5 DET Year,
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Tl & Lamy ] +£12 KA [ ] L = 1,258 Ll 1,170 L]}
1md 7 LRl D T w3 1w 4 Les 5 1,457 & 1,584 |
Imdd 1gEm poaaa a2 k] 1 " LMD I 1,884 ay 1,408 o
]
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Feaced

1, %, & T a B LI 24 LIET =1 1,971 i 1,524 =
Peacded
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1,87 40T 1,57 ] LT vr. g1 18 1,348 kY 1,547 vr.
Dpan-mvbal

IMpzEEE 1,778 L] 2 1,293 L2
sl o 2 1,74 Hia Llas 2l (R ] 1% l.2=8 o 1,554 =

Hource: The abovs is from McFadden ot al {1998), “Consumpsion and Sxving Balances of the Eldedy,” = Fronrkers in the
Eronomies af Aping, adied by David A. Wise and pablished by te Unnvemity of Chicage Pmse. © 199E by the Naticoal
Burean of Ecomomnic Recsarc: All rights racarvad.

* Subjects wars £t asked for an cpen-soded response, with unfolding bracksss if there was no responss to the open-sndad
quection.

* Exponsesial of lineadly intarpalassd CCDF of leg con thoz, with the CCOF ertmared noing 2 “ovseied” muoicmomial
m.q:-d.n]?:c 2l respomdents Pl iof oo -

* Tiw ctandasd cavor ic satimated by s — )2 M ", whee (&) is the log consmption bracket commizing the artinmbor,
i 15 the mediz=, and p is e brackss probabilesy. This estimator aszes that log consumation is uniformly distnbaed anthin
the boacket containi=g the median.

‘Er.]:u_u.n::ia_'l of 1, whare w i the mwaz of 2 logmommal dismibution fited by MLE to bracket feguencize of log
cosmmption

* Tha standard eevor ic astmated by mo{m/20"%, where m is the sctimated medien azd o is the msimated stmdard
deniation of log consumpsion.

"E, pis + B2 where (%, o)) & a Jog consumpSon beacket I.I:I.d.f. i the bracket protahiliny.

# Seandard error ic estmassd by [E, (12 & + &) — m)° p )5 ", whera (B,a)) & 2 log consumsion beackat, p, i tha
‘hrackst probabality, a=d m ic the mediz=

* Exponsctiad of i + o2, wiars i and o are estinsaies of the mean and stemdard denviztion of log comsmmption.

" Tha ctandasd arror ic sstimaied by wofl + 2702) %", whars o i the ectizared samdasd deviasion of log consumosion.

The vuanerical promp: of 55 o the referendum Coonparing  open-ended awpd  follow-up  re-
fuestion was varted across several Levels set by sponses, the median WTP n the control group
exparimental design, with the treafments se- 15 825, mnd the medizp WTP m the treairnent
lectad o commespond to specified guantiles of the group varied from $10 when the prompt was 55
conmel group’s dismibution of responses. If sub- to 350 when the prompt was 5400, The refer-
jects cooform o the ecomomists’  standard endum responses also show an apchoring effect,
ruopdel, their preferences are moate and will not with logher pluoraliies for “yes” at higher
be anchored to the numerical prompts contzined — prompis than in the conirol sroup. These pro-
m the referendhon guestons. In fact, the Te- chice 3 nonparameiric estnnate of 3167 for mean
sponse patterns suggest the prowpt creates an WTP in the treatment sroup, conypared with a
“anchor”™ for the construction of preferences. roeaw of 64 in the conmel sroun, agam stails-
Fizure 5|shows the differences in response fre- tically sigmificant. Put another way, the effect of
quencies for the contrpl snd weatment groups; a pne-dellar incrasse m the proampt is (o increass
detzails are given in The anchoring mesn response by 28 ceats. This experiment
effects are large, apd statistically sismificant also showed that anchoring in response to the
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Fource: Repainted fom Resoaree amd Energy Erowomivs, Vol 20, Donald Green, Karen facowitz, Damdel Kabsgman, and
Danigl McFaddan, “Rafsrendom Comtingent Valuzsion, Anchormg, and Willingoess to Pay for Public Goeds,” pp. B3-114,
copnmiges 1998, with pemmzsion from Elsender Sciszca

Taper —Wnomosess-ro-Pay 1o Save 50,000 Ore-Sncex Seammes e Yeae

[MUmMnEEs ARE B PERCEKTAMES]

Sarting-point bid

Cristribution Cran-snded £5 £23 150 150 5200
50200 19.8 123 B3 0.0 £3 12.0
55-14.99 273 7.4 135 41.7 e 2.0
§25-50.00 il4 123 j33 14.6 | 00
56014000 12.4 B2 B3 41.7 147 18.0
5150-399.99 3.0 0.0 21 21 158 10,0
5200+ 4.1 0.0 L1 0.0 ele) 18.1
Sampla siza 121 4% 47 43 45 k3l
Plope=-undsd racponsa > hid) (pearcesd) 802 2.0 2.5 21 4.1
{Standasd srror) (pemoe=d) [ 71 (1.9 (#.1) (2.8
Ple=chorad respenss = bid) (parces) 78 EE.0 43.8 188 18.0
{Standasd seror) (pamoe=d) .7 (6.9 73] (3.9) {34
Mediz= raspocia £25.00 £10.00 £23.00 £25.00 43,00 £50.00
{Stndasd srror) ($6.03) (£1.33) (5118 ($14.04) (B1087) (813.41)
Bfean racponca® £44.25 £20.30 £43.43 f49.42 28013 £14312
{Standasd srror) ($13.23) (53.64) ($12.61) (§6.51) (E55%) (E2818)

CosfScient  Stamdard ermor
Margizal effact of ctarting paint bid e o
Monparamstic mfarsndun: maes® 06733 £76.90
Paramairic reforendum mean 255 % fl38.06

Fource: BEeprioied Som Resouwrce and Faergy Hconomdzs, Vel 20, [aufess] Dooeld Greez, Karse facowditz, Danial
Eabnomen, and Dantal McFadden, “Befurandum Cocsingee: Vahiztion, Anchering, s=d Wilkngmess to Pay for Public
Zoods,” pp. B5-114, copyright 1938, with parmmiccion from Eleguier Scianoa.

* Jma ohearvation of 52,000,000 s sechuded fom the caloulaticn of the opso-soded meam. If the opso-soded msan WTF
of £84.25 ic reprecantative of all Cakifomia adule:, than the tetal ctate WTP for prodecti=g 50,000 ceabirds iz 8149 kil ar

520,800 per ard

¥ The upper bound to the distibation is 2smmed o egoal te lasgest azchorsd response, 51,000, The reporsed smdard
ector i toe BMEE 2t the mancimun: pocsttls biac, ghen the wpear bound to the dismbration
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WTP guestion paraslleled aochoring in re-
sponses to objective estimation questions, such
az the height of the tallest radwood mee in
Califormia.

The rean et al experiment was hvpothett-
cal, and subjects were aware that their responses
wionld have no direct monstary conssquences.
A panwal gquestion for ecomomists to ask is
whether such deviations from the standard
medel continue o appesr in iarket choices
where real decisions imvolve rezl money. Tha
marketing of consurner goods suggests an affir-
ruative answar. Businessmen are faught thar
when selling a targetad produwct, they can en-
hance itz appeal by positowing 3 clearly infe-
rior product 3t nearly the same price (Iamar
Simomson and Tversky, 19820 Thns, awareness
tnsions appear to be present n real markets,
and systernatic enough to be exploited by sellers,

Economists mvestizatng conswmer bebavior
can learn a great deal from carsfil soudy of
rnarket research findimgs and marketing prac-
tice. Tlmmatelv, behavioral economists nesd w
roove bevond stvlized descriptions of choice
behavior and become imvolved in marke re-
search experiments that explore divectly the na-
ture of econords cholce processes, There may
be z further methodological lesson fromn markes
research Discovery and exploitation of cogoi-
tive illusicns in purchase behavier seems o
coextst comfortably with the use of RLM-
consistent discrate response models, adzpad
use data oo perceptions. as a major tool for
predicting buyver behavier.

IV. Statistical Methods

The miceecopomerrtc snslvsis of choice ba-
havior requires statistical methods for parameaic
and nponparamemic estimation, and diagmostc
topls o detect emors in specification and test bv-
potheses. Applications of choice models also ra-
quire systems for producing disaggregate amd
azgregate forecasts and policy scenarios that mack
stagsncal acomacy. These TequiTements are ge-
neric to apeled statsdes, bur are made more def-
ficult in this area Because nabaral modsls desived
frorn BUM foumdations are nsuslby nonlivsar, and
often ot particularly mwactable.

Applied BUM analysiz, basad on the DML
mpdel and its relatives, has geperally relied on
ruaxivoan-likslibood methods and their larga
sample propertes, and routines avallable in

SLONE OO

standard statistical software packages now per-
ruif more or less mindless use of these modals.
There iz mereasing use of ponparametic esi-
reators, bootstrap methods o refine asympiotic
approccimations. Gaperalized Method of Mo-
ments procedures for robustness, and sinvlation
methods o overcoms problemes that are [ufrac-
talle wsing comventional computation. There ars
a few statistical developments that are specific
to or particularly appliczble to discrete choice
analysis. I will summarize a faw of these deval-
OpLRents, concenmating on those in which I have
had soms hand,

A Choice-Based Sampiing

A choicg-bazed rample is one obtamed by
smatification oo the basis of response behavior
whose explanaton is the target of study. Obser-
vations on response and explanstory variahbles
(cowariatas) are collscred within each stratumn,
Thess arte then used for statistcal inference on
the conditional diswbuatien of the response,
given the covariates. For example 3 study of
oocupational choice may draw a sample strat-
fied by oooupation, so the first soatum is
samiple of epgineers, the second siratum is A
sample of educators, and so forth. Data are
collected on covartates such as gender and uit-
lization of fraining subsidies. The observations
ruight then be used to infer the impact of ram-
g subsidies oo eccupational chotce. Choice-
bazed samples mav be unintentional the resul:
of self-selection or soatification m general pur-
pose survevs, or may be deliberate, designed o
reduce sampling costs or improve the mfoma-
tiveness or accuracy of responses.

Statistcal methods devaloped for random
samples will often be inconsistent or inefficient
when applied to choice-basaed samples. The
essential problem is that the analvsis is at-
tempting to infar properties of the conditions]
distribution of choices given covariates, using
obsarvations that are drawn from conditional
distribution of cowvariates given choices. The
soluticn o the infarence problem is to incor-
porate the mapping betwesn the condinonsl
distributions in the analvsis, either by re-
walghting observations so that they bebave az
if they ware drawn from a random sarople, or
by reweizhting the probabilicy model for 3 ran-
domy sample so that it is comsistent with the
enpirical sampling process. The statstcal is-
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sues in apalyzing choice-based samples wers
meased in a seminsl paper by Charles RManski and
Steve Lerman (1977, with fardber resalis by Steva
Cosslerr (19810 and MMapski snd McFadden
(1981). The choce-based smuplnz probl=m is
clozely related to the problem of analysis of self-
selected samples The semima] meaanent of salec-
don problems was ziven by Heckman ({1974,
19790, with further contributions by Steve Gold-
feld and Fuichard Crandt (1873), & 5. Madalla
and Fomest Melson (1975), Jerry Hansman and
Diavid Wize (1976), and Lunz-Fai Las and Fobarr
Pomer (1984}, Papers by David Hsish et al
(1985), Tony Lancaster smnd Guido Inbens (1990],
Blommen Breslow (1994), spd Imbens spd Lan-
czster (1905) sharpen the statistical amalysis of
endogenons samuples. Ewfensions of dhe basic
framework for mference in choloe-based samples
have bean made for 3 vanety of problems. Imbens
(1982 has provided methods for coanbiming
choice-hased survey data with agsregste statistics.
McFadden (2001) has studied the problem of
analyvzis of endogenously recruited pansls,

[Table T]depicts, schematically, the popula-
tion probabilicy law for & choice ¥ and a
vector of covariates z.8 The joint probabilicy
of a (y, ) call can be written as the product
of the condiional probability of ¥ ziven z
trmes the margmal probability of z. p{y, 7} =
P(y|z)p(z). The row sums give the marginal
probabilicy pz) of z, and the cohuon sums
give the marginal probability g(y) = Z,
P{y|z)p(z) of y. Bayes law gives the condi-
tional probability of z given y, Q(z|y) =
P(y|mp(z)/g(y). The target of statistical
analysis is the conditional probability P{y[z),
sometines termed the response probabilite.
In applications, P(y|z) is usually assumed to
be fmvariant wnder irearmenis that alter the
ruarginal probability of z; then kvowladzs of
P(y|z) permits the analysis to forecast y in
new populations or under policy freaiments
where the 7 distribution is n:]:na.uged.ﬂ

4 Thic exposition teac p and 7 ac diccress, bet e
discussion applies Wi minor medificatioes 10 e casg
where y and'or come componenis of T are contmons.

* A conditional probebility with & izvara=ce progarty
ic sometimes said to define 2 causel meodil It & true that a
caucal conctome will imply thic izvarizce proparty, bt it ic
thio possible for the imvesiance propesty o kold, making
fomacasii=g posable. witoet the presancs of a degper causal
sirucrare. Further, twers am stmighdorward sixtisocal tests

AnbAilhledte) BLLANANGRD CHUICES Jae

Random sampling draws from the tabkle in
proportion o the cell probabilites. Exozenons
siratification draws rows, with probabilities that
roay differ from the population margisal prob-
abilities p(z), apd then within 3 row draws col-
wnms M proportdon  fo their  population
conditional probabilities P{y{z). A simple choice-
hased sampling desizn draws cohuwons, with prob-
aibilities that may differ from the population
rarging] probabilities gy, then within a column
draws Tows In propordon to their conditional
probabilities Q(z}) = P({zlp(zVa()

Mlore complsx endogepous sampling desizos
arg also posstble. A general framewark thar
pennits 4 unifed apalvsis of many ssampling
schemnes characterizes the sampling protocol for
a swranun £ in termis of a probability Bz, p, =)
thar a member of the population m cell vy, )
will qualify for the sranun. The jeint probakbil-
ity that a member of the popualation is in call (.,
z) and qualifies for strahmm 5 is R{z, ¥, 5) P{)|z,
B p(z). The proportion of the popalation qual-
ifving into the swanam, or qraificaiion fcior, is
ris) = Z; E, R(z, ¥, 5)P(y|z)p{z). and the
condittonal probability of (), 2) given qualifica-
tiom is R{z, ¥, 5) P{y|z)p(z)/r{s). The term
Rz, v, 5} is sometimes called a propensipy
scord, When a fraction of the sample /20 is
drawn from smamm 5, gy, ) = Z, R(L ¥,
5) P(y|z)p{x) M5)'r(s) is the probability for an
observation fTom the pooled szmpls, and
gl¥|) = P(y[aMZ, Rz, ¥, S)fsMr(s))/[2,
Py |2WE, R(z, ¥, s)s)ir(s))] is the conds-
tional probability of 3 given z in this pooled
sample Mots that this conditions]l probahiling
depends on the marginal probabilicy of z only
thromgh the qualification factors.

When the sampling protocal is exosenons
[le, Rz, y. =) does not depend on y], the
conditional probability g(y|z) for the pooled
samiple equals the population conditional prob-
ability P(y|z). Consequently, any statistical m-
ference procedurs designsd to reveal features of
the conditional probability P(y|z) in random
samiples will apply to an exogenously soatifisd
sample In particular, if P(y|z) is in a paramet-
ric famuly, then maxinuzafion of the random

for the imvamizce proparty, while demction of mee causal
structores  bevond the meach of sitistcs. For thess mea-
sons, 0 06 best f0 evedd e Danguags of cansabty and
ComckIimie metead on mNAriance properses
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sample likelinood function in an exogenously
smatifisd szmple will have the same properites
a3 1o A randoum EE.'I]‘.'I.FI]E-.H However, in an endog-
enous sample in which the gualification proba-
hility Riz, v, £} does not depend om p, the
conditional probability _gl:].'|1:| for the poolad
sample 15 mor equal to P(y|z). Consequenily,
statistical inferspce sssuming thar the data
generation process is described by P(y|z) is
gensrally sfatistically incomsistent Also, the
distribution of covaristes o i epdogenous
samiple will differ from therr populstion distri-
buticn, with g(z) = p(DZ, (fz3rs Z, Riz,
¥, f)P(y¥|z), and a3 comesponding comection
factor must be zpplied fo the sample empirical
distribution of z 0 estimate population guanii-
ties consistently.

Dlamski and McFadden (12810 propose that
statistical inference when P(y|z) is parametric
be based on the conditional likelihood g{¥|z),
and term this the comdifional maximum [1keli-
hood (CHL) method When the gualification
factors pis) and sample fregueacies fz) are
knowm or can e estimated consistenthy fromi
external samples, and the forms of Py |z:| and
Rz, vy, 5) allow identification of any vmknewn
parameters in &{z, ¥, 5, this approach is con-
sistent. In general. the probability g(y|z) is not
mn the same paramemic family a5 P(y|z). To
ilnsirate, suppose a populaton has 3 binonual
probit choice probability, P(2|z) = dfa +
zff), and P(1|z) = &({—a — zB). Suppose the
sample consists of & randomly sampled soanm
1 with Rz, 3, 1} = 1, plus a stranon 2 drawn

" Somnz atatistical procedurss mie propensity ooTe
Walzhi 0 recmove corrslatiez of ceamnsnt vestable: and
covaniases inducsd by sxogemon: welf-relection

foon the population with respoase v = 2, with
Rz, ¥, 1) equal to ome iIf = 2, and zemo
otherwize, This is called an emriched sample.
The qualification factors are /1) = 1 and #{2) =
giZ). If g{2) is knvowm, 3 consistent estimaie of the
slope parameter B o the model can be obtained by
the CML method with g(l|z) = &{—a — z8) A1
[B(—a — zBIAL) + Pl@ + BHAL) + A2)
i} By conmast, likelthood maximieatdon nsing
P(y[£) is not consistent for .

An importsnt simplification of dwe CML
reethod ooomrs for the ML model. Suppose thai
the vector of covariates is partoned oo Compo-
nents z = (v, X} with v discrete, and P{ylv, x) =
E‘@':ﬂi + 1|':.-_|+ Iﬁ.y}'E? E"'PI:'!-'I'." + L + Iﬂ.l-::l.Il:l.
this mods!, the B, are slope coefficients for the
covariates I, the o, are response-specific effects,
and the 7., are inferactons of respomse-gpecific
and v-specific effects. Suppese that the gualifics-
don probability 8y, 1, ), 5) does not depend on 1.
The condidooal probabilin g{_izj is again of
multinomial logit form, with the same B, param-
gxers bt mm me TRlnAming pa:au:eter: shifhed;

S0fv. %) = epld + oy, + IB)
Eq:u:a + ‘I"? + Iﬁ ! m'thmetru-aﬁ:lmnd
pam:rmers sadsfving o, + ¥, = o, + ¥ +
log, Riv, ¥, fj_ﬂ..]xr‘l:.fjj Consistent estimation of
this mipdel requires the mclusion of all the alter-
pative specific effects and inferactons that ars
repdified by samplng factors. How-
gver, if these wariables are inchuded, then the
slope parmmeters B, are estmafed consitently
without fl.u'ﬂler sdjusimeants  for Eudl:-EEl:ms

5.':||.1:|]:-]|.111=

* If the sxising Eactors ars estimated rashear the= known,
thers tz 2= additions] coztmibation to the my=upiotc covasi-
w=ce mairin (Heish =2 al,, 1985)
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B. Compuration and Simulafion

From an era where estimation of a singls
moultinomaial logit model was 3 major compuia-
tional task, we have progressed to the point
where sinpls nmlinomial logits are virmally
mstantanesus, even for large mumbers of alier-
patives and observatons. This is nearly oue for
nested mnltnemial bogit madsls, or logit models
contzinme other nonlinesr elements, via ganeral
purpose maxinnun-likelibood programs, aldwouzh
achievinz and wverfving comvergence in such
problems reapsins anart. Howsvar, the evaluadon
of choice probabilities that cannot ba expressed in
clpsed fomm bat require pumesica] integraton of
reoderataly hizh dimepsion, remsing 3 COLMIIEE-
donally hard problem. For exampls, the modtno-
izl probir reodel widh an uerestricted covariancs
structire continues to resist conventional conym-
tation except for special cases.

Use of sinplation methods has provided the
roost macton  obaining practical representa-
tons and estimates for these compuiationally
hard maodels. A simmlated sample drawn from 3
mrial data generation process (DHEER) is an analog
of & real sample drawn from the e TGP I the
stromlation procedure s designsd so that the
sirnmlated sample does oot “chatter” as ons
wvaries the irial parsmeters, then one can esti-
rnate the tme DEE by making the simulated
apd real samples congruent. McoFadden
(1989 develops and forronalizes this approach
to inference. and semsralizes simulators for
the muliinomizl probit model first inmoduced
by Manszki and Lerman {1981). Research in
the past dacade has expanded the lhrarv of
stromlation methods, including the wse of
ibbs, Metropolis-Hastings, and other Monta
Carlo Markov Chain samplers, nse of pseude-
random and patterped rapdom oumbers such
as Halton and Sobel sequances, and tools such
as the DNMethed of Shmulated Aommsnts,
MDMethod of Simulatad Scores, and the simu-
lated EM alzorithm (Vassilis Hajivassilion
and Paul Bamd, 1994; McFadden and Buud,
1994 Hajvassilion et al. 199§, Hajivassilion
and McFaddem 1998 Train, 1990; Bhat,
20007, Thase methods have made if feasibla
to work with guite flexible models, such as
muliinomial probit and mixed nmltinonnial
logit models. Statistical simulation is also a
powerful ool for model comparison and pol-
icy analysis (Thomas Cowing and McFadden,
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1984; David Hendry, 1284; Christian Grouri-
eroux and Alain Monfort, 1996). Considar-
able roeon for improvement ino stioalatioon
methods remains. In particular, some of tha
statistical methods for dealing with measure-
roent error and outliers in real data are also
potentially wseful for processing simulated
data.

A model where sinmlation methods are wsw-
ally nesded and relatively easy to apply, is the
ALMIL madel (2). Under the name barna logif,
it has been emploved by McFadden (19897
Dennis Bolduc (19802); David Brownstons and
Tram (1990%; and K. Srindivasian and H.
Diahmassami {2000 as 3 compniational approe-
mation o multinomial probit or as 4 general
flexible EUA approximation. Becanse the
ML model tezelf is smooth in its parametars o,
the following procedurs gives positive, wnbi-
azed, smooth simulators  of the BIMIL
probabilittes, and smooth simnlators of ther
derivatives: Suppose « i3 given by 3 smoodh
paramemic ioverse mapping ale, #), where @
parameterizes the distrbuticn of o« and e is
uniformly diswmibuted in 3 byperoube. This
wiorks easily for cases whers the o are mnli-
variate porroal, or ransfonmations of muliivar-
tate  monnals  (eg, lognommal  mancatad
normal), and with somewhar more diffioaloy for
other common disiributions. The simnlation
procedurs is then to draw 3 siroulated samiple of
e’s, of size K, arther at random or wsing soqms
pattermed random manbers such as Haltoa se-
gquences, fix thiz ssguence for all subseguen:
analysis, and ireat the approximation P} =
"En'-! E‘ﬂ}:ltﬂ - ':I" ."I'-.' rl'.' IJ: ‘::I b &':B.r: ﬂ:I:IE_.l'
exp(Z(a ~ ¢, X, 5) - ale,, 0)), where Ey
denotes an empiical expeciation with respect o
the simmlation sampls, as if it were exact. 4
roodest rate reguirement on £, that it rse mors
rapidly than the square root of sample siza, iz
sufficient to guarantee thar either maginumm
likalihood or methoed of moments applied nsing
thiz fiormmla will contain 3 negligible simnlation
grmor in sufficienty large samples. To avoid
ruisleading estimmates of precision when sarpls
sizes and R are moderate, one should use the
sandwich formmila for the covariance mamix in
possibly misspecified models (McFadden and
Tram, 20000, In applications where the inversa
mansformation wle, ) 15 oot ractable, ons can
mstaad vse nuportance sxmpling mwethods or
MDemropelis-Hastings sampler.
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C. Specificafion Testing: II4 Test

The MWL model iz a powerful tool for anal-
viis of economic choice behavior when ifs 114
property is satisfied by an application, since it is
easily estimnated, allows drastic reduction of
data collection and computation by s3mp-
ling subseis of altermatives (McFadden, 1981,
Arherton et al, 19200, and gzives ap easy for-
rmuls for forecasting demand for new altems-
tivas. On the other hand 2 the “red bus, blus
s example illustrates, the wodel can produca
seripusly misleading forecasts if IIA fails, For
this reason, there was ao early interest in dewvel-
oping specification tests that could be used o
detect failures of [TA. The first proposed test
(MvicFadden et al | 1978; Hansman and MeFad-
den, 1984) required estimating the MINL model
twice, cnce on & full set of altematives O, and
second on a specified subset of alternatives 4,
using the subsampls with choices from this sub-
sef. If ITA holds, the two estirnates should not be
statistically differeme If 114 fails and 4 corre-
sponds to & mest of similar altermatives, then
there will be sharper discrimination within the
suhser 4, so that the estimates fom the second
senap will be larger in magninde than the esi-
mates froon the full set of aliernatves. Lat B
denote the estimmates obrained frorn the second
semip, and {} , dencte their estimared covariance
matriz. Let B, denote the estnnates of the samea
parameters obtainad from the fll choice sef,
and £} denote their estimatad covariance ma-
trix Hmusman and McFadden showed that
the quadratic form (B — B,) (1}, — {227
(B~ — PB.) has an asymptotic chi-square distri-
tution when ITA is true. In caloulating this test,
one must be carefil to resmiot the comparizon of
parameters, dropping Componsants 35 DECSESArY,
to Zet a nonsingular amray {3, — k.. Whan this
iz done, the degrees of freadom of the chi-
suare test eguals the rank of 48, — {}. The
sinple form of the covariance mamix for the
parameter differapnce anses becauwss @ is the
efficient estimator for the problem.

Another test which is partoulardy easy to com-
pute was proposed by MoFadden (1987). Esdmiate
the basic ML model, using all the observations.

¥ fome paramgtens that can e estinmted fromo the £21
choic wef maay mot b idemtified in the mecoed swtup, in
whitk case P, refen o etimaies of the subvsctor of
pesmmessrs that ars ideesified in Soch mabepe
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Suppose A4 is a specified subset of altematives.
Create a mew wvarable z, that is zemo for § €
A, and for 7 2 A equals leglPJ —
EJ.E_, P00 logP (), whera Py(7) is caloulated
frovn the basic model. 4 pumerically equivalent
form is obtained by replacing log(F,(j)) by I, =
1. Estimare an expanded MML model that con-
tains the basic model varizbles plus one or more of
the pew varables z, consimcted for different 4.
The 4's can be dispeint, overlapping, andior
nested Then carry out 3 Likelihood Fado tas for
significance of the o's, with degrees of freadom
equal to the monber of addad variables afer elim-
matng sny teat are linearly dependsnt If there is
a smele o, then the test can nse the ~statstc for the
sizmuficance of this variable This test ts asymiptot-
cally eguivalent to 3 seore or Lagrange Muliipier
test of the basic MWL model agamst 3 sested
MWL model in which consuamers discriminae
more sharply between alfematves within 4 than
they do between altematives thar are notboth m 4.
Cipe mirms the coeficient of a 7 vanable can be
mtepreted a3 a prelmnery scomate of the inchs-
sive value coefficient for the nas 4.

The test sbove for a single set 4 is asymp-
tofcally eguivalent o a one-degres-of-fresdom
Hansman-hcFadden tex foonsed in the direction
detenmined by the parameters B comversaly, the
tact sbove with the variabls V), replaced by the
wecior I, for f = A is asymoptotcally equivalent fo
the original Hansman-McFadden test for 4. On=
ryy 2et A rejecton of the mull ypothesis that [LA
bolds either if A is in fact false, ow If thers is
some other proflern with the model specificaton,
such as oondrted variables or a fathwe of the logit
fonu due to asynmnetry or fat tails o the distur-
hances. Fejection of the test will often ocour when
ITA is false even if the ser.d does not comrespond
to the oue nesting paterm However, the tast aull
rypically heve sraasst power when 4 is a pest for
wiich aw I14 faihoe aconrs.

D Specificarion Tesnng: Mixng
in MNL Models

In light of the theorstical resulr dest aroy well-
hehaved BUN modal can be sporoximated by a
MWINL model, satisfacdon of the IIA propenty
can be recast as 3 condition thet thers be oo
upobserved heterogeneiry in the MWL model pa-
ramesers. This sugeests that a st for the validity
of the ITA property. and specification fest for the
explaatory powsr o e added by inToducing
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ruiximz. cam be constmected wsing a Lagrangze Mnl-
dplier approack. The advantags of this method is
that the st procedure requires only esmmmation of
hase ML models so duet sinmlaton estimators
are pof needed, and that I cxw test againt a bamary
of alternatves at the smmne tdme To perform e
past, first comsouct artificial variables 2, = (x, —
A2 withx = X - x P-4 ) for selected com-
poosnts of 1, where P47} are tha estimared hasa
MWL probebilides. Then resstimate the model
with these added varisbles and wse a Wald or
Likelithood Fatie test for the significance of the
artificial wvarisbles. This test = asymptotically
equivalent 1o a Lagrange Multiplier test of tha
bvpothesis of no mixing against the alernativa
of 3 MIMML model with mixing in the selectad
components ¢ of the logit modal. The degrees of
freedom eguals the munber of artificial wari-
ables =z, that are linearly mdependent of x
McFadden and Train (2000) also generalize tha
preceding test so that an estimated BDNL
ropde]l with some mixing components can be
tested against the altemative that addittooal
riving components are needed

E. Market Research Data and Models

An imiportant interdisciplinary interaction has
devalppad between sconomic choice analysis
and muarket rasearch, The experimental methods
used in market ressarch permut ehicidation and
rogasurament of the workings of the decisipn-
ruaking process descrtbed in In par-
ticular, it is possible to elicit sfaded percepiions,
sinred prgferences, and attide scales; we call
these sianed prgferance (SF) data in confrast to
the revealed preferance (FF) data obtained from
observed chojces. Most of these variables and
the methods nsed o measure them come from
applied psycholosy. In pamicolar, corfoins
analyzsiz, 8 method for eliciing staed prefer-
ences within a classical experimental desien,
provides data that with propsr consumer fram-
g and sllowancs for cognitive illsions can
add considerably to the ability to predict con-
sumer decisions.

The nse of experiments rather than fiald
surveys to collect data oo consumer decisions
has several major advantages. The eaviron-
ment of hypothetical cholce can be precisaly
specified, with a desizn which allows straight-
forward identification of effects. Innovations
o services can be smdied, inchoding domen-
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stons alonz which PP data provides no vari-
aticn. Large quantitias of relsvant data can be
collected at moderate cost. There will alwavs
be guestions abour bow closely cognitive
tazks in a bvpothetical setting caw match thoss
o & real decision-making environment, Good
experimental techuigue can remeove the most
obwvious sources of imcongruity, but calibra-
tion and walidation wsing BP data is usually
neaded.

Both marketing and economic policy appli-
cations need sn apalviic framework for com-
hining EF and SF data, and linking
experience snd mformation fo 5P responses.
In 1934, Ben-Akiva and I specizlized the
rmltiple-indicator, multple-cause (RIIRIC)
ruodel for this purpose, following the path
diagram in and adding a hidden
(latent) layer 1o handle mappings into discreta
responses (Farl Joreskog and Dag Sorhom,
1978 McFadden, 1988; Train et al, 19E7;
Takayuki Morkawa, 19890; Ben-Akiva and
Dlorikawa, 1980}, Applications have shown
this fo0 be nseful framework for infesrating
marketing data into forecasting problems
(MMoritkawa et al., 1991; Brownstone and
Train, 1999; David Henshar et al, 1999; Tor-
dan Louviera et al., 19097,

V. Conclusions

Looking back at the developmient of discrets
choice analysis Basad on the BEUM vpotlesis,
believes that of has besn suwocessful because i
emphasized empirical ractability and could ad-
dress 3 broad sray of policy gquestions within 3
framework that allowed results to be linkad
hack to the economic theory of consumer fe-
havior. Some possibilities for development of
the approach have not vet been realized. Tha
RUN foumdation for applied choice models has
bean only lighitly expleoited. BModels have zen-
erally conformed fo the few basic gualitative
constramots that BUM imposes, bar have not
gone bevond this to explore the stucoe of
consmer praferences or the conpections be-
twesn economic decisions alowg different di-
roensions and in different areas. The potentally
mnportant role of perceptions, rapging from
classical psychoplysical percepdon of attribuges,
thronzh pesychological shaping of perceptons to
reduce dissonance, 0 mental sccovning for dmes
amd casts, rersams largely upsrplored i ernpirical
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research on economic choice. Finally, the
feedback from the empirical study of choica
hebhavior to the economic theory of the con-
simer has begun, through behavioral and ex-
perimenial economics, but is sl in dts
adplescance.

What ltes zhead” I believe that the basic
BN theory of decision-making, with a much
larger role for experisnce and mformation in the
formation of perceptions and expression of pref-
erences, and allowance for the wse of rules as
agents for preferences, can describe most eco-
notuic choice behavior in markets, surveys, and
the laboratory. If so. then this framework can
contimie for the foreseesble future to fonm A
hasis for microeconcmetric aoalysis of con-
sirner behavior and the consequences of eco-
notmic policy.
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