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Abstract

The random parameters logit model for aggregai® id&toduced by Berry, Levinsohn, and
Pakes (1995) has been a driving force in empinchistrial organization for more than a
decade. In this paper we introduce the meanschided demographics as a new set of readily
available instruments that have the potential forowe researchers ability to instrument for price
level shifts across markets. We compare demographstruments with market fixed effects
proving that both are valid instruments in a cdiyespecified model, but that demographics
remain valid under misspecifications that renderkatefixed effects invalid. A set of
endogenous price simulations demonstrates theséspoi

Keywords: demographic instruments; instrument vigtidandom coefficients logit



1. Introduction

We introduce the means of included demographiessis of instruments for use in
random parameters logit demand systems. Thesanmsints have heretofore been overlooked in
the literature. We present theory and monte aaridence showing that these are valid
instruments in a correctly specified model thatides demographic types and importantly, that
they continue to be valid under misspecificationg/hich the econometrician has access to less
demographic information than the retailer. We slilo&t market fixed effects are also valid
instruments when the model is correctly specifird,they are invalid under these types of
misspecifications. The intuition for this resudtthat demographic information available to the
retailer but unavailable to the econometriciankisly to correlated with the fixed effects,
rendering an estimator based on them biased andsistent.

The classes of problems in which demographics mayepto be important are ones in
which firms vary prices from store-to-store, froouaty-to-county, or from city-to-city at least
partially in response to demographic differendesrketing and economic applications that deal
with grocery products are key candidates for gairexplanatory power with the introduction of
these instruments. Alternatively, products whaseeg are set nationally, (e.g., online sales) will
not gain from the use of these instruments, ndrpsdducts whose prices may be set locally, but
for which data are only available at the natioeakl (e.g., Berry Levinsohn and Pakes (1995)
automobile data).

Mean demographics are likely to be correlated withngness-to-pay and it is this
correlation that potentially makes them importastiuments in the mixed logit model. Price
level shifts across markets are generally diffitoilexplain using instruments that are typically
employed. In many product markets many of the saroéducts are available in each geographic
market leaving exogenous product characteristieblerto explain these shifts. By the same
reasoning, instruments developed using the excladlgg arguments in Pakes (1996) and in
Berry, Levinsohn and Pakes (1995) use polynomiphesgions of the exogenous characteristics
to approximate the optimal instruments are alsaljiko be unable to explain cross-market price
level shifts. Petrin (2002, footnote 5) contaims insight that systematic relationships between

the random coefficients and market shares providpsrtant identifying power. If the



instruments do not likewise vary systematicallys tdentifying power is squandered. Nevo'’s
(2001) use of average regional prices as instrusregips capture cross-market price level
shifts! But, as he discusses, these instruments areafidtin the logit model if there are
regional demand shocks. Unexplained city-speedication differences that are due to
demographic differences are a likely source of dehshocks. Including mean demographics in
the regression model, as he does in one of hisdpgkifications, controls for these shocks and
makes it more likely that average regional priaesvalid instruments.

Petrin (2002) and BLP (2004) use national dataliamiti attention to an instrument set
formed by a polynomial expansion of the exogenaugbles, but gain additional identifying
power using micro moments. BLP (1999) and VillasaB (2007) incorporate data on costs:
wage rates (BLP (1999)) and manufacturer and reteél input price changes (Villas-Bod&s).

To the extent these instruments are availableeatidrket level they could substitute for
demographics or market fixed effects. Gowrisankanmnad Rysman (2009) add to the exogenous
product characteristics instruments meant to cagtaw crowded a product is in characteristic
space: mean product characteristics for each firdhtiane period and the count of product
characteristics offered by each firm and all firnigstruments on crowding could also serve to
explain cross-market price variation to the extbat there is enough cross-market variation in
crowding.

In principle, additional instruments can be dravanf other moments of the demographic
distribution. We limit attention to means becathse is most likely the information available to
retailers. Census tabulations and company repgrisally limit attention to means and their
changes over time.

Section 2 develops the mixed logit demand systeradgregate data. The type of model
misspecifications we are considering are develap&ection 3. The theory for consistent
estimation of the mean utility parameters undese¢iferms of misspecification is in Section 4,

while Section 5 contains an endogenous price mmarte study comparing estimator consistency

! Nevo (2000) and Hausman, Leonard and Zona (1994 )use these instruments.
%Villas-Boas’s data is for a single urban area mMidwest. She forms input price
changes from a variety of census, plant and retaiin data.
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and performance of correctly and misspecified modsing different instrument sets. Section 6

contains conclusions.

2. Demand Model
We represent the conditional indirect utility ohsoimer type in marketm at timet with

preferencesa,,vi&n) from the purchase of one unit of tile product as

Uiy [xjmt’pjmt]eim * éjmt * €

eim = § + l—‘Iaim + Evim’ (1)

i=luod, j=0.d , m=1.,M t=1.T

X @andp;, are observed product characteristics and pricggctisely. The,, represent
product characteristics that are observed by maxdeicipants, but unobserved by the
econometrician. Assuming prices are set stratibgieachp,,, will be correlated with all+1
&m IN €ach market-time periadt. Theg;, are i.i.d. type 1 extreme value errors.
The second equation in (1) is a hierarchical resjoesofkx1 vectord,, onD x 1 vector of
demographics,,, with standard normal error vectgy. I' andX are unknown parameteisis a
k x D vector and is akxk diagonal matrix.
Normalizeu,,, to zero and assume that each consumer maximiigsly purchasing
one unit of product at timet if and only ifu;,, > U, r = 0,...J. Assuming that there are no ties,

the market share of gogds given as

$ ConsPni®D) = [ [ [APo(asv.eim)

(2)
= [ [ [dPy(aim)dP(vim)dP(),

whereP, is the population distribution for individual ldwenobservables, and where the second

line results from the assumption of mutual indemee ofa, v, ande.



Given that we have endowedvith an i.i.d. type 1 extreme value distributitime outer
integral in (2) has a logit distribution as its tiaal solution. Solving this integral yields an

expression for market shares of the form

Er exp(Srmt + u irmt)

58 PopiON) = f f - dP (alm)dP ,(v|m) 3)

wheresjmt =rd * &j.mt limt = XmwsPyre] @Nd Mome = rjmt(l“aim + Xv,). Theintegrals in (3)
generally do not have analytical solutions.

Mixed logit demand systems of the type discussed tie not generally include market
fixed effects in mean utility. Nevo (2001) inclederoduct fixed effects in lieu of product
characteristics, but market fixed effects would dait of his and many other mixed logit models
in the literature. Placing them in mean utilitywa require one to assume that they do not enter
the outside good. This is untenable as the outpdd is often the unobserved portion of the
market containing the inside goods. In Nevo (2G8#&)outside good is unobserved sales of
cereal, in Villas-Boas (2007) the outside goodysgurt sold by small retail stores, or grocery
stores not considered in the analysis, as welbgsry of small manufacturers sold in the three
retail stores studied.” In Romeo (2012) the ingjdeds are grocery store beer sales and the

outside good is beer sold through other venues.

3. Misspecification due to unobserved demographics
Without loss of generality let,,, be a scalar so that the correctly specified mbésltwo

random coefficient$. Write u as
l’Lz_'imt - xjmt(yxaxim + vaxim) +p jmt(ypapim + Dpvpim)‘
The misspecifications we formulate result from téiler using more demographic information

in setting prices than the econometrician has abkl We form misspecifications by

decomposingu asp = p° + Y, where superscript®® and “u” identify the parts of. that are

¥Though we do not extend out notation to includénégrcept. We assume mean utility
contains an intercept with a fixed coefficient.
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observed and unobserved by the econometricianctgply. Allow p° andp to take three
possible forms:
) p® =y, p'=0;

assuming y, = 0, v_ = 0;

.. 0
“) l“l'ymt - pjmt(’Ypapim P pzm) l“l'ymt - pjthp pzm x

e 0
I“) l""ijmt - P jmt(ypapim p pzm) l“"ymt - Jmt(yx om + vaxim)'

In (i) wis correctly specified. In this case, it is gjfaforward to prove that mean demographics
and market fixed effects are both valid instrumevaiables. Inif) the correctly specified
model only has a random coefficient on price, betrhodel is misspecified because the
econometrician is missing demographats In (iii) the correctly specified model has random
coefficients on botlx andp, but the econometrician only put a random coedfition price. We
leave open for now whether the demographic fac&yr# (iii) are the same as those associated
with price.

We rewrite {i) and {ii) with p" averaged ovdras this is the form it will appear in the

mean utility regression. Specifically,

- _ 0o = —~u  _ w_u . _ _nN.-
i) Hime = pjmt(ypapm + vpvpm), Himt = PjmVp@py, asSuming y, = 0, v, = 0;;

ey O _ — _ —_ N
iii) Wme = P jmt(Ypapm ) pm) l'ijt B jmt(Yx xm vaxm) T

where the approximate equality i)Y follows becauseE[me] = 0 for ath.

4. Consistent estimation of mean utility with unet&d demographics

We develop key elements of the estimator using BINREsted Fixed Point estimation
algorithm. If elements qf are unspecified the contraction mapping will deetked. Setting
() =(@",X) setsu® = p°(I'",X") leavingd to explain the difference in observed and model
shares not explained py(I",X"). Using the decomposition afspecified above, we write the

monte carlo estimator of the integrals in (3) as



u

exp{(ajmt * ﬁjmt) + “':‘;‘mt}
1+ Ek eXp{(Skmt + Elklmt) + u?kmt}

ETCHRTLRTYRI SIS ) B (4)

The contraction mapping for (4) solves tor= § + p*. Fdha instrumental variables

estimator of mean utility parameteds  as

8, = '2Wzr)r'zw 2’8,

whereW is a positive definite weighting matrix withi= JMT, and z is a matrix of instruments
that includes either the means of observed demb'gm,@fn , or market fixed effect,. Define

z=[Z f], whereZ includes exogenous variableg,iand other available instruments dred

{a°, d.}.

Assume: (aplimr Z/N = Q,, a full rank matrix(b) plim W, = W a positive definite matrixc)
plimz &N = 0 and(d) plim £/u*/N = 0.

For our purposes it is sufficient that the prolgplimit in N is reached due thl - .

Assumptions (a) and (b) are standard. (c) asstima¢sll instruments are asymptotically
uncorrelated with the demand error and (d) assuhasll instruments excepﬁfn am), are
likewise asymptotically uncorrelated with mean useved heterogeneity . Assumption (d) is
reasonable in circumstances where the set of ptedwailable in a market does not vary
systematically with its demographics. This is pely the grocery product case: many products
are available in all markets so the standard BlsBuments are unable to explain cross-market

price shifts. Under these assumptions, it is giitaorward to show that

Z.

— _ /U
plimb,, = 0 + (QrzWQr/)‘lQrzW[()/,plimfTu]/,



where0 is column vector with length equal to the colurohg. Clearly, consistency cﬁ‘IV for
6 depends on whether instrumenfs ahdare valid in the face of misspecificatipif . In
casei),n” = 0 and there is no misspecification and itdai that the estimator is consistentffor
=Efn ord,. In casesi() and (ii) whenf = Efn consistency is achieved under assumptions
presented below, while consistency cannot be aetiéf =d,. Market fixed effects are invalid
instruments under both of these types of misspatitn.

Additional assumptions are needed to provide carditunder whicrEfn are valid

instruments in cased)and (ii). Defineﬁm = jtij/JT .
Assume: §) E[a°a“p,] = E[a°a*] and {) E[a’la,,] = E[a°] = 0.

(e) implies that the demographics of an area araffetted by the local price leveIThis
assumption implies that consumers do not move oubof an area because of the local price
level. This is a reasonable assumption for gropevgucts as the price of bread or beer is
unlikely to influence a consumer’s choice of wherdive, and it may be reasonable for cars,
both of which have been studied using these moldetss not likely to be appropriate for
housing. The first equality if)(implies thata® andi* are mean independent. Notethteat
distributions ofa® anda” can be highly correlated, only the distributiortteir means is required
to be uncorrelated. The second equalityf)ims(straightforward to enforce by standardizing th

distribution ofg? °

“We do, of course, expect that causality does flotiheé other direction, from
demographics to the price levé[p|a’,a”] # E[p] . Otherwise numographics would

uninformative as instruments.

*Experience indicates that it is good practice amgardize all data in these models as it
can dramatically improve optimization performan&ame older literature (e.g. Draper and
Smith 1981, Chapter 5.5) note the importance dad d&indardization for reducing round off
error. Rounding error continues to be a problenpairticular, when using estimators like the
Nested Fixed Point algorithm used here. As Dub#&,dhd Su (2012) discuss, errors propagate
from the inner loop of the algorithm and from trs= wf numerical derivatives to the outer loop.
They demonstrate a link between the inner and d¢oiogr tolerances and suggest an inner loop
tolerance of 1&. Unscaled data may make it impossible to achévimner loop tolerance this
tight.



Theorem 1: Under assumptiors-(f), in caseif) with > = p, v7a’ andf=a; ,

o u o u o u

p

a ) — —
plim Eombmdpm = 0, and@,, is consistent fd¥

u .
= ¥, plim

There are no equivalent conditions under which areachieve consistency when theare
included. E[E“|dm] + E[a"] as the fixed effects are correlatedhwie mean unobserved
demographics.

Obtaining consistency in casé), in whichx is modeled as having a fixed coefficient
when in truth it is given heterogenous valuatiopg@nsumers, will likewise require a condition

on the relationship betweepanda, similar to ). We specify this as:
Assume: §) E[a ja,,] = E[a,] = 0.

A necessary condition fog) to hold is thaﬁx and Ep have no demographics in comntioa,
second equality is again enforced by standardizatioo build intuition, income heterogeneity

may be important when consumers decide on the paiuge they are willing to consider for a
product, but the specific product within that ramgay appeal to other demographics such as age,

ethnicity or family characteristiés.

Corollary: In caseiii) withp), . = x,,via,,, consistency 0b,, fd& follows directly from

assumptions«- d) and §).

5. A simulation study with endogenous prices
To evaluate the effect of incorporating mean dempigics in the instrument set and to

compare demographic and fixed effects instrumeetsimulate data from a model with

®We provide insight into bias that results whenrtiael is misspecified in accordance
with case (i) but Ex and Ep share a common demographic so that assum(gdidgs not

satisfied. The output for this model is in theinalappendix filerable 3_ExcludedOutput2.pdf
http://hg.ssrn.com/submissions/MyPapers.cfm?pa268724




endogenous prices. In all simulations endogemegylts from Bertrand markups entering the
price function; one simulation introduces additioeradogeneity from correlation in the demand
and supply shocks. The model has four dimensjanmaestucts J, markets M, time periods T and
individual types I. This is more dimensions thanep simulations in the literature. Berry,
Linton and Pakes (2004), Romeo (2007) and Armst(@0¢2) limit dimensions to J and I, while
Dubé, Fox and Su (2012) and Skrainka (2011) addarkets M. We allow for time periods T to
allow market fixed effects to be included in thetmment set. In addition we allow for market
specific demographic draws not found in the otlmugations.

Results in Armstrong (2012) inform our model foratidn. We allow for multi-product
firms that grow in size as J increases and allaveystematic differences in product sets between
owners. This captures some of the realism of hataakets and avoids the problem of

instruments based on product characteristics bewpasymptotically invalid.

We formulate the utility function as

Uit = 8, + [xjmt’ln(pjmt)]eim * ‘gjmt *
eJt:im = Yy * Y1x%1im * vaxim
9pim = ep + Ylpalim * YZpaZim + Dpvpim
i=lsd, j =00, m=1,.M t=1..T

{008,501, Y1, Y2 Vo0, }

{-8,1,-1,-0.20,0.25,-0.4,0.25,0.25},

wherex is a scalar and we formulate marginal costs aagbtite function as
In(mcjmt) = B0 + B lcjmt + T.ljmt,‘
_ -1
Pime = [asjmt/ op jmt*O] Simt * MCmp

{B(pﬁl} = {-4,1},



where [asjm/apjm*c)]-lsjm are Bertrand markups. O is the ownershipixrend “*” indicates
element-by-element multiplication.
We set | = 100 in all runs to limit the number whslations and let J, M and T each take
on three possible values though we exclude some pérmutations:
(I,M,T) ={J = (3, 10, 25), M = (25, 50, 75), T 5, (15, 26): for each J, with M = 50, T = (15,26),
with M = 75, T = 26}.
This reduces the number of simulations from 278dat each model specification thereby
substantially reducing computational time while maining the full range of sample sizes. Our
smallest simulation has 375 simulated observatiteslargest has 48,750. Each model is
simulated 100 times.

We alter the ownership structure with J as follows:

3 3 single product firms
J =110 5 two product firms
25 5 five product firms.

In constructing the single product characteristioye allow it to have owner specific
parameterizations, and then add a small non-systeraadom component to allto allow
cross-market variation. With these design comptmgmcts like a composite characteristic for
a product mix that shifts randomly across marketstane periods.

Marginal costg, also evolves slowly across markets reflectingsitodg differential
transportation and menu costs. Demographis drawn from a Bernoulli distribution to give it
the character of an age or ethnicity, etc. dumnmatsée; demographie, is drawn from a log
normal distribution so as to have the charactemahcome variable. The specifications used for
a, X, andc are

a,, ~ Bernoulli,,), where),, ~U[0.2,0.6]
aym ~ eXp(N{,,c2)), wherep,,, ~ U[0.5,1.5] anaZ, ~ U[0.5,0.6],

Xm = N(o ,0;) + N,(0,0.2),

10



{-0.15,0,0.15} ifJ = 3
o, =
7 1£-025,-0.15,0,0.15,025} if J = 10, 25

(L,1.1,12) ifJ =3
o. =
T 1,1.1,12,1.3,1.4) if J = 10, 25

G = N(0,0.5) + N,(0,0.1).

In most runsg;,,, v, andn,,, are mutually independent and are each specifiédwasg iid
standard normal distributions. We allgarr (§;,,m;,) = 0.9 in one run but find that this has little
effect on the results and so limit attention to¢hee where correlation is strictly inducedlsy
presence in the Bertrand markups,, is given an iid Type 1 extreme value distributiens
integrated out and then the model is solved fod¥ievectors of prices and shamgsands,
respectively for eacm andt.

All instrument matrices include the BLP instrumeais! their square€s.Costsgc, are
included in most specifications, but estimator perfance without costs is evaluated in two runs.
In addition, since demographics induce systematisssmarket differences in the price
distribution through the markup term we includdrnasents to control for this variation;
instrument sets include either the mean of theibdigion of demographics in each market or
market fixed effects.

Results are presented in Tables 1 - 3 and corredoorasesi) - (iii) respectively.
Tables 1 and 2 are limited to a model where theecospecification has a fixed coefficientxan

Table 3 contains consistent estimates for one cityrand one misspecified model in which

"We use the exchangeability of the products in #meahd system to formulate
%, = J-D)'Q, x,,-x,), and includex,  and it's squarean

11



assumptiond) is satisfied. The online appendix includes twidigonal Table 3 results. Both
are for misspecified models where assumpt@ns not satisfied.

Table 1 contains results fﬁfu , the mean utilitgercoefficient, for correctly specified
models. In this and in subsequent tables we ktténtion to the mean and root mean squared
error (RMSE) of §P over 100 simulations and for meesof brevity. Output files containing a
full range of statistics for all demand parametans be found in the online appendix.

This table contains five columns. In Column 1 wenat include costs, mean
demographics or fixed effects in the instrument Jdte estimator performs poorly, the estimates
are biased and the RMSEs in many cases are anadmiegnitude larger than those for all other
estimates in the table. This set of results irtdalearly the importance of instrumenting for
cross-market price variation.

Column 2 includes fixed effects in the instrumegttwhile Column 3 substitutes in mean
demographics. Both instrument sets include cast ddcanning the columns shows the
estimator to perform well using either instrumegit sSThe means are close to the true value of -
1.00 in all but the smallest sample sizes. Comspardf the RMSEs shows fixed effects to be
the preferred instruments as they produce RMSHsatkaoughly half of those produced using
mean demographics as instruments.

In Column 4 we retain mean demographics as instnisrtut remove costs. The means
remain close to the true value but the RMSE rougdblybles relative to Column 3. Turning to
Column 5, the results include mean demographicasts in the instrument set and allow for
correlation between the demand and supply erffs.set cor,n) = 0.90 in this run. The
performance deterioration relative to Column 3 isan There is some increase in RMSE but
no discernable deterioration in mean performar@een this, we set coif) = 0.0 in all

remaining runs.

8
The online appendix includd%(@w < §Tmth) , the minimum, medmean, maximum, bias,

standard deviation and RMSE for all demand pararmsietié can be found at:
http://hg.ssrn.com/submission/MyPapers.cfm?part@724
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Table 2 contains results of four misspecified medelrresponding to casié)( In the
first two columns, the econometrician does not olesthe log normal “income” demographic,
while in Columns 3 and 4 the econometrician dogheerve the Bernoulli “dummy”
demographic. All four columns include cost instents, Columns 1 and 3 include fixed effects,
while 2 and 4 include mean demographic instruments.

A comparison of the market fixed effects and meamalgraphics results indicates that
the fixed effects estimates are biased and inctaméjsvhile those using mean demographics
remain consistent. The online appendix includesetipirical probability Ff(n, ‘ngth ) for the
100 simulations. With fixed effects instrumentplace P§IV <§Tmth ) = 1 for almost all fixed
effect results and shows no improvement with sarsizle.

Table 3 contains results for one correctly spegifiad one misspecified model
corresponding to casaij. In the correctly specified model, in Columnarid 2, price is
interacted with the log normal “income” draws whiles interacted with the Bernoulli “dummy”
draws. Misspecification is introduced in Columnar@l 4 by dropping the random coefficient on
X. Mean demographics and costs are included imgteument sets for both models.

The correctly specified model in the first two aolos shows some bias in the mean
estimates of the price coefficient in particulaattdiminishes as sample sizes increase. The
RMSEs for the price estimates are at least 20 pelamer than those for the model in Table 1,
Column 2. This reduction in performance appeaistdue to the addition of a second variable
with a random coefficient. This is confirmed inl@omns 3 and 4 of Table 3. Misspecifying the
model by imposing a fixed coefficient anmproves the performance of both the price and
coefficients.

This last finding, that restricting some producaiEtteristics to have fixed coefficients
can actually improve estimator performance is Valias the researcher is not generally aware
of what characteristics and demographics are dyix@tailer pricing decisions. It is, however, of
limited value, in that it only applies if the chetaristic with the missing random coefficient does
not have any demographic interactions in commoh e characteristics that include random

coefficients. The online appendix contains rediaitsa model in which assumption (g) is
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violated; price is interacted with both the logmeat and Bernoulli demographics whites
interacted with the Bernoulli draws. Introducingiespecification in this model by restrictirng
to have a fixed coefficient produces a substadtoainward bias in the coefficient, though the

price coefficient still appears to be consistent.

6. Conclusions

Our sense is that finding that mean demographibatte valid and informative
instruments is like found money: they have beemnlogked in the literature to-date, are readily
available, and are likely to be valuable in mangtegts in marketing and economics. A
constructive proof identifies the conditions unddrich these instruments are valid and shows
them to be valid under misspecifications that remdarket fixed effects invalid. Our
endogenous price simulations estimates demonsiritevalidity and show that including them

in the instrument set substantially improves egiimperformance.
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Table 1. Results for correctly specified cayenodels with a fixed coefficient anbased on 100 simulations. Mean and RMSE of ttoe pr
coefficient using fixed effects or mean demogragimcthe instrument set with and without costs emdelation in the demand-supply error
distributions: truth = -1.00

fixed effects: no yes no no no

mean demographics: no no yes yes yes

costs: no yes yes no yes

corgm): 0 0 0 0 0.90

J M T mean (RMSE)

5 -0.429 (4.214) -1.149 (0.237) -0.816 (1.042 -1.0B236) -0.697 (1.239)
25 15 -0.386 (1.865) -1.061 (0.126) -1.010 (0.180 -1.(670) -0.957 (0.212)
26 -0.763 (3.180) -1.047 (0.104) -1.018 (0.146 -1.(2806) -0.994 (0.196)
° 15 -1.012 (4.979) -1.040 (0.087) -0.935 (0.444) -1.(0852) -0.967 (0.370)
>0 26 -0.481 (1.753) -1.032 (0.064) -0.974 (0.363 -0.4B816) -0.871 (0.554)
75 26 -0.964 (3.767) -1.054 (0.077) -1.033 (0.119 -8.(IB433) -1.006 (0.194)
5 -0.529 (1.095) -1.149 (0.170) -1.063 (0.241 -1.03824) -1.033 (0.561)
25 15 -0.648 (0.817) -1.064 (0.086) -1.035 (0.117 -1.(IR206) -1.034 (0.136)
26 -0.779 (0.451) -1.043 (0.058) -1.023 (0.086 -1.(D145) -1.011 (0.126)
0 15 -0.874 (0.370) -1.011 (0.039) -1.013 (0.105 -1.(D&92) -0.999 (0.152)
>0 26 -0.851 (0.353) -1.006 (0.030) -1.007 (0.078 -1.(R%10) -1.011 (0.106)
75 26 -0.803 (0.453) -1.032 (0.042) -1.013 (0.083 -2.(ID106) -1.027 (0.107)
5 -0.625 (0.740) -1.092 (0.104) -0.963 (0.272 -0.91899) -0.982 (0.404)
25 15 -0.851 (0.425) -1.047 (0.057) -1.005 (0.101 -1.(D269) -1.010 (0.127)
26 -0.822 (0.380) -1.032 (0.042) -0.999 (0.064 -0.a2649) -1.005 (0.086)
2 15 -0.825 (0.475) -0.998 (0.024) -1.036 (0.076 -1.(6285) -1.040 (0.093)
>0 26 -0.869 (0.304) -0.998 (0.019) -1.018 (0.068 -1.(0L614) -1.023 (0.092)
75 26 -0.837 (0.343) -1.010 (0.017) -0.978 (0.072 -0.@7088) -0.985 (0.088)
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Table 2. Results for case)(misspecifications based on 100 simulations. MeahRMSE of the price
coefficient using fixed effects or mean demograglicthe instrument set with costs in misspecified
models: truth = -1.00.

fixed effects: yes no yes no
mean demographics: no yes no yes
costs: yes yes yes yes
missing random coef: income income dummy dummy
J M T mean (RMSE)
5 -1.190 (0.262) -0.861 (0.828) -1.372 (0.413) -1.00L546)
25 15 -1.128 (0.159) -1.053 (0.239) -1.392 (0.40%) -0.a8393)
26 -1.141 (0.169) -1.072 (0.215) -1.406 (0.416) -1.(B277)
° 15 -1.179 (0.196) -0.886 (0.751) -1.378 (0.387) -0.08297)
>0 26 -1.180 (0.190) -0.999 (0.404) -1.385 (0.391) -1.(2932)
75 26 -1.272 (0.276) -1.061 (0.152 -1.427 (0.430) 0.(™189)
5 -1.224 (0.235) -1.047 (0.305) -1.356 (0.361) -1.053%7)
25 15 -1.176 (0.181) -1.029 (0.217) -1.345 (0.348) -0.a¥289)
26 -1.173 (0.177) -1.044 (0.160) -1.360 (0.362) -0.a2920)
0 15 -1.193 (0.196) -1.023 (0.165) -1.338 (0.340) -1.(D913)
>0 26 -1.194 (0.196) -1.023 (0.157) -1.343 (0.344) -0.05%78)
75 26 -1.249 (0.250) -1.037 (0.110 -1.373 (0.375) -3.(M159)
5 -1.157 (0.162) -0.928 (0.357) -1.252 (0.258) -1.0B6232)
25 15 -1.154 (0.156) -0.991 (0.197) -1.262 (0.263) -1.(2218)
26 -1.157 (0.159) -0.983 (0.153) -1.270 (0.271) -0.a¥810)
2 15 -1.167 (0.169) -0.997 (0.117) -1.260 (0.261) -0.a2085)
>0 26 -1.172 (0.173) -0.993 (0.361) -1.260 (0.261) -1.(D239)
75 26 -1.193 (0.194) -0.988 (0.088 -1.268 (0.269) -8.4¥166)
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Table 3. Models having random coefficients on peand x. Results for correctly specified and caisg (
misspecified models based on 100 simulations. MeahRMSE of price and x coefficients using mean
demographics and costs in the instrument set: &uih00 for price; 1 for x.

missing random coef: none dummy on x
coefficient: price X price X
J M T mean (RMSE)
5 -0.910 (0.322) 1.043 (0.270) -0.921 (0.2837) 0.98660)
25 15 -0.945 (0.235) 1.053 (0.223) -0.956 (0.176) 0.99039)
26 -0.959 (0.208) 1.037 (0.197) -0.965 (0.163) 0.99029)
° 15 -0.920 (0.260) 1.038 (0.208) -0.950 (0.193) 1.00028)
>0 26 -0.962 (0.229) 1.035 (0.172) -0.972 (0.147) 1.00820)
75 26 -0.934 (0.232) 1.061 (0.256)| -0.973 (0.14%) 0.@0019)
5 -0.859 (0.291) 1.073 (0.234) -0.872 (0.273) 0.99649)
25 15 -0.905 (0.171) 1.032 (0.134) -0.919 (0.136) 1.00020)
26 -0.965 (0.088) 1.023 (0.102) -0.967 (0.073) 0.9901(p)
0 15 -0.972 (0.142) 0.999 (0.094) -0.990 (0.114) 0.9901(9)
>0 26 -0.951 (0.136) 1.015 (0.101) -0.959 (0.107) 1.0001(D)
75 26 -0.982 (0.132) 0.999 (0.106)| -0.990 (0.084) 1(00008)
5 -0.865 (0.186) 1.067 (0.107) -0.852 (0.199) 0.99618)
25 15 -0.928 (0.108) 1.046 (0.107) -0.925 (0.109) 0.9901(D)
26 -0.954 (0.084) 1.033 (0.087) -0.953 (0.070) 1.000Q9)
2 15 -0.981 (0.092) 1.007 (0.066) -0.999 (0.075) 0.99008)
>0 26 -0.978 (0.086) 1.021 (0.092) -0.995 (0.064) 0.99006)
75 26 -0.940 (0.130) 1.047 (0.117)] -0.982 (0.06%) 0.@0905)
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