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1. NOTATIONS

SYMBOL

EXPLANATION

Indirect utility or consumer surplus associated with brand | at timet for household i.

“True’ quality of brand j. Thisis assumed to be the same for al consumers

Perceived quality of brand j at time t for household i. The perceived quality is a
normally distributed random variable which converges to the “true” quality as the
consumer |earns over her purchase history i.e. ¢j { ® q; ast ® ¥

Price of brand j at time t for the household i. Since prices fluctuate over time due to
sades promotions, this is a random variable till consumer discovers the “actua” posted

price. Said differently, pjj; isarandom variable for the consumer at the consideration

stage, but it is a deterministic variable (being the posted price of brand j a timet) at the
choice stage.

The qudity sendtivity of a randomly drawn household in the population. This is

assumed to be a random draw from a gamma distribution with mean a and variance
S qz . Thisis aso assumed to be the same across dl brands for a given household.

The mean quality sensitivity across al households in the population. This is assumed
to be the same across all brands.

The variance in the quality sensitivity across the entire household population.

The mean of the perceived quality belief of brand j at timet for the household i.

The analyst’s probabilistic estimate of the mean of the perceived qudity belief of brand
j a timet for the household i.

The variance of the perceived quality belief of brand j at timet for the household i.

Quality signa about brand j’s quality received by household i from consuming the
brand j at time t-1. This signal is assumed to be *noisy” so thet 1, 3 ~N(q; s ?).

Note that the consumer observes the redlized vaue of this signal; however, from the
analyst’s perspective, it is an unobservable.

hij t-1

“Noise” in the quality signd received about brand j after its consumption at time t-1 by
the household i. Thus, | ijt-1=dj +hij,t- 1-

Variance of the consumption signa that is assumed to be the same across all
households and across all brands and across al purchase occasions.

aijjt

aij t =sﬁ /Sv%/ is ratio of the variance of the (noisy) consumption signa to the
’ ijt

variance of the perceived quality of brand | a t for the household i.

normalize s ﬁ = 1 for parameter identification, aj ¢ can be interpreted as the inverse

of the uncertainty in the quality of brand j, at timet, for the household i.

Since we

ap

Vaue of the noise to information ratio, ajj;, a t = 0. Thisis assumed to be the same
for al brands and for al households.




SYMBOL

EXPLANATION

Mean of the price distribution of brand j. Thisis assumed to be the same across adl time
periods and across all households.

Variance of the price distribution of brand j. This is assumed to be the same across all

S Pj time periods and across all households.
2 Variance of the indirect utility of brand j at the consideration stage on household i’s tth
Yij ¢ purchase occasion.

e Euler’s constant.

Cij.t Search cost for ascertaining price of brand j on purchase occasion t for household i.

dij 1 Indicator variable such that dij «1 = Lif household i purchases brand j on purchase

occasion t-1.




2. MODEL FORMULATION —-ANALYTICAL DETAILS

2.1 Evolution of the Quality Perception for the Proposed M odel:

We assume that the perceived quality of brand j on purchase occasion t for the household i, gjj ¢, is

2

a normal random variable with mean w;j ¢ and variance S Note that the mean wj; ¢ need not
it

coincide with the “true” quality of brand j, viz, qj (athough over their purchase history, wjj¢ will
convergeto qj). This captures the fact that consumers are uncertain about the qualities of the different
brandsin the product category and only hold beliefs about their qualities. Thus, under these assumptions
Gij.e ~ NQ"’ij,t’S fvm) : (A2.1)
Further, we assume consumer can learn about the “true” qudities of brand j, qj, through the

consumption experiences on prior purchase occasions. However, we assume that this mechanism only
provides “noisy” signals of the “true” quality. The direct implication of this assumption is that the “true”
quality does not get reveded completely after just one consumption-experience. We operationaize
consumer learning about brand qualities through “noisy” consumption signals as follows.

Let | jj 1 denote the quality cue associated with consumption experience in time t-1 by consumer i
about brand | specified as follows:
lije-1 =05 thyj 1. (A2.2)
In equation (A2.2), q; denotesthe “true” quality of brand j. Further, hjj ;.1 denotes the noise associated
with the consumption signdl, | jj 1-1. For smplicity, we assume that hjj ;-1 isi.i.d across al consumers,
across all brands and across dl purchase occasions.
To exploit the self-conjugacy of the normal density, we assume that hijj 1.1 is a norma random

variable with mean equal to zero and variance equal to s hz , e,
hijt-1 ~ N(O,S h2) (A2.3)

Thus, s hz is ameasure of the non-informativeness of the consumption experience and if either s hz

= 0, the consumer will get to learn the “true’ brand quaity from just one consumption experience.
Consider consumer i who might receive consumption signa about the quality of brand j between t-1

and t purchase occasions. Specificaly, let d;;, ; bethe indicator variable such that

dijs =1 if consumer i purchases brand j on purchase occasion at t-1

(i.e., the consumer receives the consumption signal
before the purchase occasion t); and,
=0 otherwise.

Consider the case where d;;;.; =1 and the consumer i receives the redlization of the random

consumption signal IAi,-,t_lat timet-1. Before receiving the quality signa IAij,t_l, the consumer would have

prior subjective beliefs about the quality of brand j, based on her purchase history at time t-1, H;(t- 1).
Let the prior beliefs of the consumer i be denoted by

g, H(t-1) ~ N (Wiivt'l’s\jvm,ll . (A2.4)



After observing the realization of the random consumption signaIIAi it-1, the consumer would update
her subjective beliefs about the quality of brand j in a Bayesian fashion. Represent her posterior beliefs,
after observing the quality cue | j;,.,, by

e | Hi(t) ~ N(Wij t ’szvm) (A2.5)
Then, because of the self-conjugacy of the normal density, the mean and variance of the posterior
beliefs are related to the mean and variance of the prior beliefs as follows (DeGroot, 1970):

W, |

g,t—l + dij 1 ij,t2—1
Wijt-1 ' Sh
Wijt = 1 1 and, (A2.6)
V?/ij,l—l ’ dij’t-lg
1 1 1
= +d, . (A2.7)
SV‘Z’ij,t S\iij,t-l " 13 hz

By defining ajj (.1 = shz/s Vzvij | » We can rewrite equations (A2.6) and (A2.7) as follows

Wi eoa@ije-1 Gyl i1
Qij-1+ Gjoa
Qi = Q-1 FHijn- (A2.9)
Equation (A2.8) characterizes the law of motion of the mean of consumer i’s subjective quality
beliefs about brand j as she receives the consumption signals of brand j. Note that the mean of the
consumer’s quality beliefs convergesto the true quality q; ast® ¥ . In other words, after the consumer

Wij,t = ) mdl (A28)

has observed the infinite sequence of random quality draws |l { i t} , her mean quality beliefs of brand |

will converge to the true quality ¢; . This can be shown by recursively substituting | = q; +h;; sfor al
s=0till t-1into equatlon (A2.8) to get the followi ng expression:

5 ) 0
(s: aldlj s T 1dlj $hlj s _
Wi =087+ 9 Sl (A2.10)
§a0+ad éa +adIJS
s=1 ﬂ s=1 ﬂ

Using Law of Large Numbers, we can show that I|m a d;; hi; s ® 0 and hence w;;; ® q;as

ij,s 'ij,s
t® ¥.
It isimportant to note that the consumer observes the redlization of the random signals {I i S}t'l and

hence, she knows deterministically the values of wij; + for al brands j a any time t. But the analyst does

not observe the redlizations of the random quality draws {I i S} . From the analyst’ s perspective, {I i S}t 11
are random variables and hence, the analyst's estimate of wj; ¢ (which we denote by wj; ) is a random
variable too. Since the analyst’ s information set at time't consists of the sequence of the choices made by
the consumer from time s=1 till time s=t-1, he can use this information to get a more precise estimate of
the mean quality beliefs of al brands at timet. This is because the sequence of past choices of consumer i

{dils, diz,s..dist}ts'zllimposeﬁ a set of restrictions on the state space of her past utilities and hence on her



past quality beliefs {wlls, Wip . WlNS} . For ingtance, if brand k was purchased by consumer i in time
period s (where s<t), a set of restrictions (represented as {R } for future reference) will be imposed on

the state space of the mean quality beliefs {w,ls,w|25 W,Ns} a time s. Since Bayesian learning implies
that the mean quality beliefs are correlated across time, it follows that the mean quality beiefs of al

brands at time t will aso have restrictions {R‘S}:l imposed on their state space. These regtrictions are
discussed in greater detail in Section 3.1.

From the analyst’s perspective at time t, | ;,.; will be a random variable as given in equation
(A22) by |1, ~N (q | S hz) But note that at timet, neither the consumer nor the analyst knows the true

quality q; of ant brand j. Hence, the analyst can not assume q; to be the mean of the qudity signal | ;.
The analyst can only use his most recently updated belief (as per his information set at time t) about the
truequality q; to bethe mean of thesigna | ;;;_;. In order to know the analyst’s belief of g;at timet, it

will be instructive to look at the elements in the analyst’s and the consumer’s information set at time t.
The elements in the information sets of the consumer and the analyst are explained in Figure 1.

Econometrician has evaluation of

consumer i’ squality beliefs
Consumer i hasquality beliefs " IN o Iti, I
{Wita,..., Wikt-1,..., Winea} i1t Lo Wik-1,- Wi -1

Consumer i selects brand j at t1 Econometrician observes
{di1t1,..., dkt-1,..., dn,e1}
l RestrictionsRi.1 apply

|

Econometrician makes an
evaluationof W;, based on
his knowledge of W .,

and recognizing that the consumer
/ observestherealization of | jj 1
Consumer i has quality beliefs v l

{w Wijg,..., Wik, ..., Wine}, Econometrician predicts

Wi = Wicer, K, r Brand Choice Probabilities
Wit incorporates 'ijt-1 l

v

Consumer i observes Consumption Signal |Aij’t_ 1
Updates her beliefs aboutWi -1 to Wi

Wike1, k* j, remain unchanged

Consumer i selectsbrand | att »  Econometrician observes
{dug,..., dkd,..., dn:}

RestrictionsR; ; apply

FIGURE 1: Sequence of Events and Information Sets

Note that in Figure 1 while the consumer observes the redlization IAij,t_l, the analyst does not.

Further note that the consumer gets to observe the redlization IAiJ.’t_l after the analyst observes her brand

choicein period t-1 {di1¢.1, ..., Ak 1, --., Anea} - ASWe pointed out before, the observed brand choice at t-
1 helps the analyst to make a more precise estimate of the mean of consumer’s qudity beliefs at t-1 i.e.,

{Vvilt.11wiz,t.1-WiN,t.1} by imposing the restrictions R,.;. However, the analyst does not get any additional
information about IA”Yt_l till the consumer makes brand choice at t (i.e., when restrictions R kick in).
Thus, for him, 1, ; is a normal random variable with “no restrictions on its state space.” This aso



implies that as far as | ;;,., is concerned, the anayst’s information set at the time of predicting brand

choice at t isidentical to consumer’sinformation set at t-1 before she observes IA”YI_l . Said differently, if

the consumer were to evauate her mean quality belief a time t, before having observed | i1 her
treatment of | ;;,., and hence her estimate of w;;, would be no different than the analyst's evauation.
Therefore, conditional on the value of the mean quality belief at time t-1 (viz., W, ,), the andyst

assumes the distribution as | j;;.; ~ N(qij‘t_l,shz) where g ., is the most recent belief of the consumer

about the quaity of brand j just before receiving the signd |, ,. Since g, itsdf is normaly

disributed  with gy~ N(W,.1a;t.), the sgnd 1y, will be disributed as

i1 ~ NQRI‘i],t_l,sh2 +ai]}_1). Further since we set s 7 = 1 for identification purposes, the signd | ;;.,

received at time t-1 will be distributed as 1 . ~ N, .1 1+a; %, ) from the analyst's perspective a time

t. Subdtituting | ;,., ~ N@Vij,t_l,1+ai]}_1) in equation (A2.9) we get the analyst’s estimate of w;;,
conditional on wj; , ,8s

® g f[+al, )0

VVij,t = Vvij,t—l + NQO,—”'H( ”’t-lz)é

g (aij,t—1+dij,t—1) &

Note that our approach outlined above for deriving the analyst’s beliefs of w;;, (conditional on

(A2.12)

Wi 1) IS congistent with Jovanovic (1979) and Miller (1984).5 We can see from equation (A2.11) that
conditional on w;; , ;, the analyst’s ex ante evaluation of the mean of consumer’s quality belief at time r>t
implies that E[\/v,Jr e 1] Wi 1" T >t- 1. Thisimplies that the analyst’s ex ante estimate of the mean
of the quality beliefs of brand j (conditional on w;;, ;) convergesto w;;, , as t® ¥ . This is not to say
that ex post the analyst’s evaluation of the mean of consumer’s quality belief does not convergeto q; as
t® ¥ . It does because the analyst observes the sequence of consumer choices {di }s “‘that imposes
restrictions {RS};ll on w;; . ; as discussed before. As t ® ¥, the number of such restrictions on W, ;
becomes infinite and hence the analyst’s ex post evauation (after observing {di }S 1) converges to the
point q; .

Also note that equation (A2.11) gives the analyst’s estimate of w;;, conditiona on Wi, ;. In
order to get the unconditional estimate of w;; , from the analyst’s perspective, we can recursively derive
the expression of wj;, ; as afunction of the prior mean quality belief w;; , of brand j at time 0 and the

d.,s(l a7

a,Jsl+d

truncated normal random variables (Trunacted N a% 2 E‘fvJ ) that get added due to consumption
T )

..--t'
of brand j from time s=1 till time s=t-2. Note that the random variables iN a% sl 5) & will be

+d,;
| ij, sl ij,s s=1

5 Jovanovic, Boyan (1979): “Job Matching and Theory of Turnover,” Journal of Political Economy, Vol. 87, No. 5, 972-990;
Miller, Robert A. (1984): “ Job Matching and Occupation Choice,” Journal of Palitical Economy, Vol. 92, No. 6, 1086-1120.



truncated as a result of the restrictions{Ri,s};llimposed on them because of the choices made by the
consumer i till timet-1.

For estimation purposes, we assume that the means of the quality beliefs for al brands and for all
the consumers at the beginning of their consumption history are zero. Also, we assume that the value of
the precision of the subjective quality beliefs of al the brands for dl the consumers at the beginning of

their consumption history is a . In other words, w;;,=0 and ajj0 =ap for al brands j and for dl
consumers i. We can then recursively derive the expressions for w;;, and a ijt @ asum of al previous
consumption signals as follows:

® g f+ail,)0 € ® g f1+a;1)W
= NGO,M + aTruncatedeNG ALY TS/ and, (A2.12)

" g (aijt—1+dij,t—l)25 =1 (Rl e g @ IJS)Z%
a;; =ag +a dijs1 (A2.13)

The first expression on the right hand side of equation (A2.12) is a normaly distributed random
variable. As discussed before, it is not subject to any restrictions as a result of the past sequence of
choices. It captures the effect of the consumption signal received between time t-1 and t on the mean of

the perceived quality of brand j. Note that the realizations of | ;. can take both positive as well as

negative values. Thus, unlike the reduced-form operationalization of state dependence/brand loyalty (e.g.,
Guadagni and Little, 1983), the proposed modd allows for both upward and downward shift in the
consumer’ sintrinsic brand preference over her purchase history.

2.2 Formation of the Optimal Consideration Set for the Proposed Model -- Consumer’s Praoblem:

We assume that consumer i’s (indirect) utility from brand j on purchase occasion t can be approximated
asalinear function of brand j’s perceived quality, ¢, and price, Pijt - asfollows:

Ijt qql]t pijt ' (A214)
The parameter q denotes the consumer’s intrinsic preference for quality. This is assumed to be gamma
distributed across the households with mean ¢ and variance s q2 . For simplicity, we assume q to be the
same across the brands for a given consumer.

Based on the discussion in Section 2.1, the quality of the various brands, gjj; " j, is a random
variable. Further, at the consideration stage, consumer i does not know the posted price of any brand. The
consumer first decides the brands whose posted prices on that purchase occasion she will search. The set
of brands whose prices she searches is characterized as her consideration set.

Note that prior to engaging in price search, the consumer is only aware of the distributions of the

prices of al the brands in the product category; as such, the actua posted price of the brands is a random
variable. Therefore, the indirect utility of brand j for consumer i on purchase occasion t (at the

consideration stage), Uijj ¢, will be a sum of two random components: the subjective quaity belief, gjj
and the price, pjj+ . To ensure a closed form expression for the consideration set probabilities, we assume

the distribution of prices of brand j to be Type 1 Extreme Vaued with mean p; J and variance s 2 . This
J

implies that the scale and the location parameters of the price distribution of brand j is given by



D _ V6 e
and location parameter = —’+f)j. (A2.15)

f6s p
Further, as noted earlier, the consumer’s subjective quality beliefs about brand j are normally
distributed with mean w;; ; and variance s V% . The consumer knows the expected value of her subjective
ij,t
quality beliefs w; ; , but does not the true quality q;j . Therefore, the consumer’s indirect utility (at the
consideration stage) for brand j can be expressed as a sum of the fixed and the random components as

Ujje = aQwy, - pj+ug + Uy (A2.16)
2

Wij t

scale parameter =

In equation (A2.16), Ug;, is a normal random variable with mean zero and variance s and

Up, is an EV random variable with mean O and variance S ﬁ . If the consumer searches for the price of
brand j, then she would redlize its price at the end of the consideration stage; in other words, u p; would

be revedled to her. But the uncertainty in the quality of brand j, Ugj,» will not be revealed to her even at

the end of the consideration stage. Therefore, the consumer will only be interested in the expected value
of the quality of brand j, w;;,, and not in the random component of the quality Ugj, - Said differently,
given the inherent uncertainty in brand qualities, the consumer makes her consideration set as well as

brand choice decision so as to maximize her expected surplus (indirect utility).
Note that given these assumptions, the indirect utility of brand j at the consideration stage is an EV

random variable with mean qw;;, - p; and variance s ﬁj . This implies that the scale and the location
parameters of the price distribution of brand j is given by

p ) V6s e
and  locationparameter = B awi D, (A2.17)
V65 p, P p QWi ™ P,

Using mathematical notation, at the consideration stage, we have the following distribution for the
consumer i’ s surplus associated with brand j at timet:

& Jes e 0
U, ~ EVG—P “ B . +p 7. A218
it g& . p qw it pJ; ( )
We assume that to search the posted price of brand j on purchase occasion t, the consumer i has to
incur a certain search cost Cjj ;. We further assume that the consumer adopts a fixed sample search

scae parameter =

strategy for searching the prices. Thus, her optimal consideration set, {k};; , is the set of al brands that
maximizes the difference of the expected value of the utility maximizing brand at the consideration set
and the total search costs for searching the prices of al the brands in that set. This can be written as
follows:

{K}j+ = argmax Emax@Uij tf.: 0. g Gij t (A2.19)

: () ishion 3 i

If we assume the variances of the prices of al the brands s s to be the same (that is, s 2 © s s for
J J

al brands j), then we can get a closed form expression for Emax?uij,t}mh}g. In that case,

max?uij ’t}ﬁ o g will aso have an EV distribution with the scale parameter, a, and location parameter,
b, given by



__Pp _ ‘/ésp € Ep \/éspec
a=z=—— and b = |n§a e(pg hiy A2.20
,\/&p p 8T{h} g\/ésp( Jt p])a p ( )

Here we have exploited the fact that the maximum of N EV random variablesx;,j =1 ... N with the
same scale parameter a and location parameters b, j = 1 ... N is dso distributed EV with the scde
parameter a and location parameter b that is related to the scale parameter a and location parameters b;*s
(Johnson and Kotz, 1974) as follows:

u o max{uj|uj~EV(a,bj)}'.\I

N
o~ O Ev(ab, ) (A2.21)

2 1 él 10
~ EVGCa, - = Inad expl\- abi k=
é a Qj—l p( abj)ﬂff

Therefore, the expected maximum utility by selecting the utility-maximizing brand from the set {h}
isgiven by

6s o 00
Ema@J 6= V%0 T8 el P fw - i (A2.22)
Wittt g™ p Citn  Subs, ’)%;;
Thus, the consumer’s optimal consideration set, {k};; , is given by
6, e
{k};, = argmax In‘?a exp pj)_j'j_- ACi,- (A2.23)
) p Citn gf o 10

2.3 Derivation of the Consideration Probabilitiesfor the Proposed Model — Analyst’s Per spective:

In equation (A2.23), the consumer i knows deterministically the values of wij; for all brands j since
she has observed the redlizations of the quaity cues IAi,-,t_l. Hence, the consumer knows precisdy the
optimal consideration set {k};; . However, the analyst can only make a probabilistic estimate of the mean
quality belief of brand j at time't (as represented byw;; , ). From the analyst’s perspective, w;;, isasum of
truncated norma random variables as given in equation (A2.12). It follows that the analyst can only make
a probabilistic statement about the consumer’s optimal consideration set. Specifically, to the anayst, the
probability that any set {k};; is the optimal consideration set for consumer i on purchase occasion t is
given by

€ Jes @ %® &0 y
Pr Kk} =Con.Set| = Pr&k{ =argmax 2 1nS & eq S—L—(qw, - P - &G, U
H }lt ] g }|t g{j} p ng{j} 8’\/65,3( It pl)% Ii{j} I,tH
(A2.24)
where
Wij =Vvij,t—1+vvi;\ft! (A2.25)
e & dil+a;l au
s=1 {Rs}sl g ( ”51 d|Jsl)2 %
& gt f+a:t. )9
Wi ~ N0, —”“(1 ia)S (A2.27)

g (aij,t L+ i 1)2 ;



Note that on the random variables {vVi”_ 1} are subject to set of restrictions {R,S};jl because of

iy}
the sequence of brand choices made by the consumer till the purchase occasion t-1. Further note that the

random variables {VvNij,t— 1} iiryy— thet correspond to consumption after the purchase in period t-1 — “do
not have any restrictions on their state space” as aresult of the choices madetill t-1.

2.4 Consumer’s Optimal Brand Choice for the Proposed M odel:

At the brand choice stage, the consumer knows the actua posted prices of al the brands in her
optimal consideration set {k};; . Note that the qualities of the brands in her consideration set still remain
unknown (i.e. random variables). The consumer purchases the optimal brand n;; that gives the highest
expected indirect utility (consumer surplus) among al the brands in consideration set {k};; . Now, the
expected utility for any brand j in the optimal consideration set (for the consumer i at timet) will be

E(uij,t) = QWi - Bije- (A2.28)

Note that in eguation (A2.28), Pij t refers to the actual posted price that the consumer, having

engaged in price search, now knows for al the brands in her consideration set. Thus, the consumer’s
optimal brand on purchase occasion t will be

e = argmax |.quj,t - pij,tJ (A2.29)

ik},

2.5 Derivation of the Choice Probabilities given the Optimal Consideration Set for the Proposed
Model— Analyst’s Per spective:

While making her optimal brand choice decision from the optimal consideration set, the consumer i
knows deterministically the values of wijj¢ for al brands j. So, the optima brand nj;is known
deterministically. But again, the analyst can only make probabilistic estimate of the mean quality belief of
brand j at time t (as represented byw;; , ). From the analyst’s perspective, w;;, is a sum of truncated
normal random variables as given in equation (A2.13). Therefore, for the analyst, the probability that any
brand r is the optimal brand (given the optimal consideration set {k};; ) at timet will be

Pr(r = nit|{k}it): Pr § =My = agmax qw ., + W - pij,tg (A2.30)

i {K}ic a
In equation (A2.30), w;;,.,, and vVi}“'t are as defined in equations (A2.27)-(A2.28). Note that
choice probabilities in equation (A2.31) are calculated conditiona on the fact that {k};; is the optimal
consideration set. Therefore, while computing the choice probabilities in equation (A2.30), there will be

an additional set of restrictions imposed on {vVij't }ri{y} because of the fact that that {k};; was the optimal
consideration set at timet. These additional restrictions are given by:
=~ ~N
Rue ° Kwiht _\Nih,t-l+vvih,t-1}ﬁ {y}| such that (A2.31)
6s, & @ o0 u
ky,, =argmax “intd epk P OWin, - Do) - A CinY
. Oor P et gles p( " p“)g it g

10



3. ESTIMATION ISSUES

3.1 Computation of Consideration and Choice Probabilities—Restrictions on {wij t- 1} ity :
The probability that consumer i selects brand mon purchase occasion t is given by

Pric=m) = & Pri{Kkh  ={a}) "~ Prlni,c =mi{k}, , ={a}) (A3.1)
{af {y}

where Pr({k}»,’t :{g}) is the probability of {g} being the optimal consideration set and is given by
equation (A2.24) and Pr{n ;= m|{K}, , ={g}) is the probability that m is the utility-maximizing brand

among all the brands included in the set { g}.
As noted earlier, while calculating the consideration set probabilities in equation (A2.24) or brand
choice probabilities in equation (A2.30), we need to have a set of restrictions on the random variables

{VV”I_ l} i Here {y} denotes the universa set of brandsi.e. al the brands in the product category. These

restrictions are needed because of the choice made by the consumer on purchase occasion t-1. We will
represent these restrictions on the space of {vVij,t_l}ﬂ{y}as Rit-1. We discuss these redtrictions on

{Vvij,t—l}ji{y} below.
Consider the case when brand nj;_; was bought at time t-1. We will have two sets of restrictions on
the expected utilities of al brands at time t-1:
» Firgt, that the brand n;;_; was the optimal brand chosen from the optimal consideration set at time t-
1; and,
= Second that the optimal consideration set contained the brand nj;_ ;.
These two sets of restrictions can be formalized as follows.

RESTRICTION 1 Brand ry,_; was chosen from the optimal consideration set {K}; ,_ 1t time t-1 given
that {K}; . 1 contained brand
Define j as any brand in the optimal consideration set {K}; ;.1 time t-1. The first set of

restrictions, Ryjt-1,0n {W will be:

ij,t—l}hi{y}

Rit1° vaij,t-l}ji{y}hlvir\yt_l,t-l - Pyl qvvij,t-l ol TRTR I TT il {k}i,t-lJ (A32)

RESTRICTION 2 The optimal consideration set {k}; ., was chosen that contained brand ny,_; during
the purchase occasion at timet-1:
Define {g},, , as the set of all possible subsets of brands that contain brand nj;_; in them. The

second set of regtrictions, Ry t- 1, on the random variables {Wim-l}

setattimet-1, {k} ;_ 1, isasubset of {g}p, -
This can be represented mathematically as:

Rojta ° gvvih,t-l}ﬁ{y} {Khiad {g}nwl’ " {K}ir1 such that (A33)

iy is that the optimal consideration

ki . ,=argmax P In%& exp% Wine1- D)o - &Cie
{ }I,t-l {?}T{y} p 8hi{]} ’\/& pb ht-1 ph)é l‘i{]} ht-1

We can summarize these two sets of restrictions into one set as:

-
-

[ el e e
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I:g,t—l ° vaiht—]}ﬁ{y}‘{vﬁ\;ih,t—l}ﬁ{y}T Rj,i,t—l' RZ,i,t—lJ (A34)
In order to calculate the consideration probabilities in equation (A2.24) we need to smulate the
, ~ ~N . —~N
random variables {Wij’t_l}ji o and {Wn,t}my} . The random variables {Wii,t}ji{y} are norma random
variables with no restrictions on their state space. So, it is easy to smulate them. On the other hand
{VV”I_ 1}]_”” are sums of truncated normal random variables as given in (A2.26) that have to satisfy the set

of restrictions given by {Rs}tsjl Finally while calculating the choice probabilities conditional on a given

consideration set, additional restrictions are imposed on {vVi 1 TW Ni j,t-l} asgivenin (A2.31).

i{v

3.2 Details of the Estimation Procedure for the Proposed M odél:

We have to estimate 11 parameters.

0) Mean Quality sensitivity parameter, q;

(i) Variance of the quality sensitivity across the population, s qz .

(iii) Ratio of the noise in consumption signal to the information that can be gained at the beginning of
the observation period in the estimation sample, a ;

(iv) Base line search cost per brand for households with no full time house maker, in the absence of
prior store visits, marketing activities (features and displays) and with income per member of
10,000 dollars, Cy;

v) Effect of the presence of displays on the search costs of the household, C,;

(Vi) Effect of the presence of feature advertisements on search costs of the household, C,;

(vii)  Effect of store familiarity on search costs of the household, C;;

(viii)  Effect of the day of the week (when the brand was purchased) on the search costs of the

household, C,;
(iX) Effect of the presence of afull time house maker on the search costs of the household, C;
) Effect of increase of the income per member of the household by 1,000 dollars on the search costs

of the household, Cj;
(xi) Effect of the presence of display for a brand in the last time period on the search cost for the
brand, C,;

We have used the Method of Simulated Moments (MSM) to estimate these 11 parameters. We have used
15 instruments:

= Price, Rjy;

= Squareof theprice, Rj; 2.

= Cubeof theprice, B ,t3 ;

= Quadruple of the price, Bt 4.

= Laggedprice, Bjt-1;

= Squareof thelagged price, Rj . 12 ;
= Cubeof thelagged price, R ‘t_13;



= Quadruple of the lagged price, Bt 14 ;

= Pastpurchase, d;, ,;

=  Purchase two time periodsback d;;, ,

= Purchase three time periods back d;; , ,

»  Whether the brand was feature advertised, d
= Whether the brand was on display, d,;

ijt?

2,
it

*  Whether the brand was festure advertised in the last purchase occasion, d”-zyt_ 1 and,
»  Whether the brand was on display during the last purchase occasion, di} 1

We have generated ten sets of the random variables {Wi}\,'t}ﬁ o) and {wij t- 1} ity to calculate every
probability expression in (3.1). This ensures that we get a consistent estimate for our set of parameters.
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4. MODEL Il —QUALITY LEARNING WITH NO CONSIDERATION STAGE

4.1 Additional Notations:

SYMBOL

EXPLANATION

d

Y Cijt

Quality signal associated with displays for brand j received a time t by the household
i. This signal is assumed to be “noisy” so that y % ~ N(q].,s §n). Note that the

consumer observes the redlized value of this signal; however, from the anayst’s
perspective, it is an unobservable.

“Noisg” in the quality signal received by the household i about brand j if that brand is
displayed at timet. Thus, y Gt = g; +n Yt

Variance of the quality signal associated with displays. It is assumed to be the same
across all households and across al brands and across all purchase occasions.

ky=s;/s 5 . Thisisthe ratio of variance of the “noise’ terms in the quality signals
associated with consumption experience and displays. It measures the relative
informativeness (about the “true” brand quality) of displays and consumption. Thus,
k 4< 1 would imply that consumption experience is more informative than displays
and vice versa

Quality signal associated with feature advertisement for brand j received at time t by
the household i. This signd is assumed to be “noisy” sothat y i« ~ N(qj,s fn) Note

that the household observes the redized vaue of this signd; however, from the
analyst’s perspective, it is an unobservable.

“Noise” in the quality signa received by the household i about brand j if that brand is
feature advertised at time t. Thus, y fij,t =Q;*n fij,t.

Variance of the quality signal associated with feature advertising. It is assumed to be
the same across all households and across al brands and across all purchase occasions.

k,=s/ s} . Thisisthe ratio of variance of the “noise’ terms in the quality signals

associated with consumption experience and feature advertisements. It measures the
relative informativeness (about the “true’ brand quality) of feature advertisement and

consumption. Thus, k< 1 would imply that consumption experience is more
informative than feature advertising and vice versa.

Indicator variable such that d;yt = 1if brand j is displayed on household i’s tth
purchase occasion.

Indicator variable such that dﬁ,t =1if brand j is feature advertised on household i’s
tth purchase occasion.

14




4.2 Evolution of the Quality Perception for Modd 11:
Similar to the proposed model, we assume that the perceived quality of brand | on purchase

occasion t for the consumer i, gjj ¢ , is anormal random variable with mean wj; ¢ and variance S\/2v . We
ij.t

assume consumer can learn about the “true” qualities of brand j, g, through (i) Consumption experience
in the previous time period; (ii) Displays in the present time period; and, (iii) Feature advertisement in the
present time period. Like in Model 1, we assume these mechanisms only provide “noisy” signals of the

“true” quality. We operationalize consumer learning about brand qudities through “noisy” consumption,
display and feature advertising signals as follows:

Lety %,y "ije and | ij t- 1denote the quality cues associated with displays, feature advertising

message and consumption experience respectively received by consumer i about brand | specified as
follows:

y ‘i = q; +n %, (A4.1)
y fit =@, +n fit (A4.2)
RS RAUTER (A43)

In equations (A4.1) to (A4.2), q; denotes the “true” quality of brand j. Further, n 4;¢ denotes the

noise associated with the feature advertising message, n 'ij; denotes the noise associated with the feature
advertising message and hijj 1.1 denotes the noise associated with the consumption signal. We assume that

hij t-1, N d;randn "z arei.i.d across al consumers, across al brands and across al purchase occasions.
We further assume that hij ¢.1, N d;rand n "¢ are uncorrelated with each other.
To exploit the self-conjugacy of the normal density, we assume that hjj -1, n ditand N are
normal random variables with zero mean and variances equal to s 2, s 2 and s fn respectively, i.e,
hjr-1~NosZ), n%~N(0.s2)adn i~ N(os2). (A4.4)
Thus, s hz is a measure of the non-informativeness of the consumption experience, s jn measures
the non-informativeness of the displays ands fn measures the non-informativeness of the advertisements.

Thus, if either sZ =0or s 2 =0ors2 =0, the consumer will get to learn the “true’ brand quality
immediately.

Consider consumer i who might receive consumption and/or feature advertisng and/or display
about the quality of brand j between t-1 and t purchase occasions. Let di}'t_ , betheindicator variable such
that

d%,t_l 1 if consumer i receives adisplay messagey % for brand j

at the purchase occasion t; and,

= 0 otherwise.
Similarly, define indicator variable dif such that

dij2,t =1 if consumer i receives an advertising messagey 'ij; for brand
at the purchase occasion t; and,
=0 otherwise.

15



The consumer has prior subjective beliefs about the quality of brand j, based on her purchase
history at timet-1, H; (t - 1), before she observes the consumption signdl, | ;;,_,, the display signal y *

and the feature advertising signal, y "ij¢. Let the prior beliefs of the consumer i be denoted by

: - y 2 0
Qj¢ | Hilt- 1) N?\/”,t_ 1Sy g (A4.5)
After observing the quality cues y %, y* Tij¢ and IAij,t_l, the consumer updates her subjective

beliefs about the quality of brand j in a Bayesian fashion. Represent her posterior beliefs, after observing
the quality cuesyAdijt,yA feand 1y, by

Qj,t | H| N§VIJ t+S W”t P (A4.6)

Then, because of the self-conjugacy of the norma density, the mean and variance of the posterior
beliefs are related to the mean and variance of the prior beliefs as (DeGroot, 1970):

g,t 1 +dij o |J,t21 d&ty |Jt dllzty 2|Jt
_ Wij 1.1 h sdn S
Wi. t = ] mdl (A47)
) 1 1 . 1 > 1
2—+dij,t1 2+d|Jt +d|Jt_
W h Sdn fn
1 1 1 1 g L
— = ——tdj . — +dﬁt +di —- (A4.8)
S Wi ¢ S Wij o1 h dn fn
Define
2 2 _ 2 2 — 2 2
aij,t_lzsh/swu LY =s?/sd ad k, =s?/s?. (A4.9)

The, we can rewrite equations (A4 7) and (A4.8) as
Ij,t—lalj,t—l dut 1I ij t- 1t +k dﬁty ijt +K duty
Qg+ tK d&t +k dﬁt
a; Tay. td,tk dﬁt +k; dﬁt (A4.11)
Equation (A4.10) shows how the mean of the subjective quality beliefs about brand j evolves when
the consumer i receives the consumption, display and feature advertising signals. The consumer observes

thesignalsy™ %,y "ij and IA”M’ Hence, she knows deterministically the values of wjj ¢ for al brands j

W, = and, (A4.10)

at any time t. But the analyst does not observe the redization of the random variables y™ ¢, ¥ fij.e and
IAiJ-Yt_1 . The analyst can only make a probabilistic estimate of the consumer i’s mean quality belief of brand
j a time t (which we denote by w; ,). From the analyst’s perspective, w;;, is a random variable whose

characterization can be obtained by substituting | jj .1 =Gjt-1 +hjjt-1, Y it :qij’t_1+ndij,t and

y e = Gjrq TN Bijein equation (A4.10) to get
@ g l+ail )+k,dl [i+kg ait,)+k, d? [1+k, a;t )9
Vvint — Vvij,t-l + NGO, |J,t-1(1 IJ,t-l) IJt(l |Jlt l) - |]t( ijt- 1)+ (A412)
% eij,t—l"-dij,t 1Ky d||t+kfdljt) &

We assume the means of the quality beliefs for al brands and for al the consumers at the beginning
of their consumption history are zero. Also, we assume that the value of the precision of the subjective
quality beliefs of dl the brands for al the consumers at the beginning of their consumption history is ag.
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In other words, wj; o =0 and ajj o =ag for al brands j and for al consumers i. We can then recursively

derive the expressions for wj; and ajjas a sum of al previous advertising, display and consumption
signasas

Vv“t =N 8%, dij,t-l(1+ai_j,lt-l)+ dl:}'[k (1+k al_Jlt 1)+d|1tk (1+k a”t 1)2_’_
) g %ij,t—l-i-dij,t L Ko di, +kfdljt) 5
 (A413)
a TruncatedN (;0 du s 1(1 aI]S 1)+d1 J<d (1+k aIJS 1) d|125k2(1+k f ai},ls_l)%
- {RS}SI g ( |131+dIJSl+k dl}S+kfd|st) E
Ajy Tag Tt é. (dij,s—l +Kg di},s +K ¢ di?,s) (A4.19)

s=1

4.3 Derivation of the Choice Probabilities:

While making her optimal brand choice decision from the universal set, the consumer i knows
deterministically the values of wj; ¢ for al brands j. So, the optimal brand n;; is deterministically known.

But again, the analyst does not observe the values of wj; ¢ and can only make a probabilistic estimate of it

(asgiven by w;; ). For the analyst, w; ,is the sum of truncated normal random variables, which is given

by equation (A4.13). Therefore, for the anayst, the probability that any brand k is the optimal brand at
time t will be

~ _ )
Pr(k = “n): Pr§< =N Sagmax qwy +qwij P; t}{ et Ri,t_lg (A4.15)
J

In equation (A4.15), W, ..;, and W}, are defined as

where
Wi ¢ =Wij 0 + Wi, (A4.16)
d._,t+ar ,)+dt +kya;l )+d2k(1+k, at )0
Wij 1 = a TruncatedN 90 lj.s 1(1 ”’S'l) 1, Kq (1 '113 1) ij,s ( ij, Srl) (A4.17)
=RRCHE S (3”51+d”&1+k dl +kd2.f :
& 1 0
VVNij,t ~N 90, dij,t l(l+aljt 1)+dljtk (1+k aljt 1)+dljtk (1+k a‘ljt 1) (A418)

g %ij,t—l-'-dij,tl-'-k dl::-t+k dljt) ;
Note that while calculating the probabilities in (A4.15), we need to set of restrictions on the random

variables {Wijyt_l}ji{y} (on the mean of the quality beliefs of al the brands at time t-1) because of the
sequence of brand choices made by the consumer till the purchase occasion t-1. We will represent these
restrictions on the space of {Wij’t_l}ji{y} as R; t- 1. Consider the case when brand nj;_; was bought at time
t-1. We will have one set of restrictions on the expected utilities of al brands at time t-1:

* Thebrand ny;._4 wasthe optimal brand chosen from the universal set at timet-1;

This restriction can be formalized as follows.

RESTRICTION: Brand nj;;_; was chosen from the universal set at timet-1:
Definej as any brand in the universal set at time t-1. The set of restrictions, R,.;, on {Wij’t_l}ji{y}
will be:
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Re1® HVVij,t- 1}j1{y} |q\7\;ir]’t,1,t—l - Pin,,t1° MWije-1- Bz " Mg ji {Y}J (A4.19)

In order to calculate the probabilities in equations (A4.15), we need to smulate the random

. ~ —N . —N , .
variables {wi”_l}ji - and {win}jT . The random variables {Wi“}ji oy e normal random variables with

no restrictions on their state space. So, it is easy to simulate them. On the other hand {Wi j,t-l}ji ” are sums
of truncated normal random variables as given in (A4.17) that have to satisfy the set of restrictions given
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5. TABLESAND FIGURES

6
TABLE TA.1: Posterior Quality Beliefs of Brands from the Pre-Estimation Sample for
Liquid Detergent Data Set

Mean of the Posterior Density MODEL | MODEL Il

W, (Mean of the Posterior - 0.0047 0.0226
Qudlity Belief of Wisk)

W, (Mean of the Posterior 0.0956 0.0835
Quality Belief of Tide)

wg,, (Mean of the Posterior 0.0564 0.0430
Quality Belief of Era)

wg,; (Mean of the Posterior 0.0434 0.0261
Quality belief of Surf)

.
TABLE TA.2: Posterior Quality Beliefs of Brands from the Pre-Estimation Sample for
Ketchup Data Set

Mean of the Posterior Density MODEL |
W.p (Mean of the Posterior 0.1010
Quality Belief of Heinz)
W,me (Mean of the Posterior 0.0144
Quality Bélief of Hunts)
Woumone (Mean of the Posterior 0.0149
Quality Belief of Del Monte)
Weeic  (Mean of the Posterior 0.0028
Quality Belief of the Generic Brand)

6. These quality beliefs obtained from the initialization sample are used as prior beliefs for the first purchase
observation for the household in the estimation sample.
7. These quality beliefs obtained from the initialization sample are used as prior beliefs for the first purchase
observation for the household in the estimation sample.
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TABLE TA.3: Parameter Estimatesfor Model 111 for Liquid Detergent Data Set

Parameter Explanation MODEL I11
(Std. Deviation)

U, Threshold Utility for Consideration 0.6241
(0.192)

Wi Intercept for Tide 0.9918
(W = O for identification) (0.001)

W, Intercept for Era 0.7470
(0.002)

Wert Intercept for Surf 0.5899
(0.002)

Peo Effect of Price on Probability of 2.0204
Consideration (1.316)

Ao Effect of Feature Advertisement on 1.0589
Probability of Consideration (0.487)

Deo Effect of Display on Probability of 14722
Consideration (0.440)

Leo Effect of Brand Loyalty on Probability of 2.6065
Consideration (0.052)

P Effect of Price on Brand Choice Probability - 1.8629
(conditiona on consideration) (0.003)

A, Effect of Feature Ad on Brand Choice 0.4259
Probability (conditional on consideration) (0.401)

Den Effect of Display on Brand Choice Probability 0.5437
(conditional on consideration) (0.212)

Len Effect of Brand Loyalty on Brand Choice 2.8252
Probability (conditional on consideration) (0.156)

TABLE TA.4: Parameter Estimatesfor Model IV for Liquid Deter gent Data Set

Parameter Explanation MODEL 1V
(Std. Deviation)

I Cut-off Threshold for Past Purchases 0.2331
(0.0010)
q Mixing probability for the model in which any 0.4106
brand that is on promotion enters the (0.0700)

Consideration Set
g Mixing probability for the model wherein 0.1727
there is no consideration (0.0401)

20




Parameter Explanation MODEL 1V
(Std. Deviation)

Wi Intercept for Tide 0.0110
(W, = O for identification) (0.0021)

W, Intercept for Era - 0.0005
(0.0003)

Wayrt Intercept for Surf 0.0102
(0.0010)

Peh Effect of Price on Brand Choice Probability - 0.9022
(conditional on consideration) (0.0322)

A, Effect of Feature Ad on Brand Choice 0.7963
Probability (conditional on consideration) (1.3751)

Deh Effect of Display on Brand Choice Probability 0.8136
(conditional on consideration) (0.5161)

Len Effect of Brand Loyalty on Brand Choice 0.5849
Probability (conditional on consideration) (0.0565)

TABLE TA.5: Parameter Estimatesfor Model V for Liquid Deter gent Data Set

Parameter Explanation MODEL V
(Std. Deviation)

Wi, Intercept for Tide - 0.0076
(W, = O for identification) (0.0001)

We,, Intercept for Era 0.0059
(0.0002)
Wit Intercept for Surf - 0.0055
(0.0002)
P, Effect of Price on Brand Choice Probability -4.3727

(conditiona on consideration) for Segment 1 (0.03)

Ay Effect of Feature Advertisement on 0.7013
Probability of Consideration for Segment 1 (0.656)

Dy Effect of Display on Probability of 0.4378
Consideration for Segment 1 (0.241)

L Effect of Brand Loyalty on Probability of 7.8750

col . .

Consideration for Segment 1 (0.11)

U, Threshold Utility for Consideration for 2.2669

Segment 1 (0.67)
P, Effect of Price on Brand Choice Probability -2.5266

(conditional on consideration) for Segment 2 (0.03)

A, Effect of Feature Advertisement on 0.8290
Probability of Consideration for Segment 1 (0.601)
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Parameter Explanation MODEL V
(Std. Deviation)

D Effect of Display on Probability of 19781
Consideration for Segment 1 (0.201)

Lo, Effect of Brand Loyalty on Probability of 6.9023
Consideration for Segment 2 (0.460)

U,, Threshold Utility for Consideration for 3.1129
Segment 2 (0.730)

I Relative sizes of the 2 segments 1.055
[Segment 1's relative size = €/(1+ €)] (0.410)

8
TABLE TA.6: Parameter Estimatesfor Model |A for Liquid Detergent Data Set

Parameter Explanation MODEL IA
(Std. Deviation)
C_1 Mean value of the willingness-to-pay 25975
for quality across the consumers (0.131)
52 Variance of the willingness-to-pay for 0.4410
d guality across the consumers (0.269)
K Ratio of the informativeness (about the 0.0629
true quality) of Feature Advertisement (0.129)
Signal to that of Consumption Signal
K 4 Ratio of the informativeness (about the 0.0590
true quality) of Displays to that of (0.012)
Consumption Signal
ag Inverse of the uncertainty in quality of 2.9079
at the beginning of consumption (0.732)
history; assumed same” i," |
Co Baseline Search Costs for discovering 0.0497
the posted price of a brand (0.010)
C, Effect of Display on Search Costs -
C, Effect of Feature Ad on Search Costs -
Cs Effect of Store-Category Familiarity - 0.0021
on Search Costs (0.003)
C, Effect on Search Costsif purchase was - 0.0032
made during weekend (0.0019)
C, Effect of presence of full time - 0.0002
homemaker on Search Costs (0.003)

8, An alternate specification of Model | when features and displays affect the quality beliefs but not the search costs.



Parameter Explanation MODEL IA
(Std. Deviation)
C, Effect of increase in per capita 0.0019
household income by $1000 on Search (0.0008)
Costs
Wavise Mean vaue of perceived quality of -0.0046
Wisk (across al consumers and across (0.004)
all purchase occasions)
Wride Mean value of perceived quality of 0.0694
Tide (0.010)
Wea Mean value of perceived qudlity of Era 0.0303
(0.008)
Wt Mean vaue of perceived quality of 0.0376
Surf (0.003)

TABLE TA.7: Result from comparison of MODEL | with MODEL |A

Model Comparison using

Singleton Test Results

Singleton Test Estimation Sample Hold-out Sample
MODEL | against MODEL |A Js=3.91 (c°with1 df.) Js=4.15 (c’with1 d.f.)

Ho: MODEL IA is the “true’ p-value < 0.05 p-value < 0.05
model

H,: MODEL 1 is the “true’

model

TABLE TA.8: Inference Resultsfor Hold out samplefor Liquid Detergents

for Modd | and Modd | A

MODEL | MODEL IA
Hit Rate 71.76% 67.14%
-Log 1890 2101
Likelihood
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TABLE TA.9: Parameter Estimatesfor Model | for Ketchup Data Set

Parameter Explanation MODEL |
(Std. Deviation)
a Mean vaue of quality sengitivity across the 3.2140
consumers (0.25)
s 2 Variance of quality sengitivity across the 0.4739
a consumers (0.30)
ag Inverse of the uncertainty in quality of at the 35534
beginning of consumption history; assumed (1.10
same"” i," |
Co Basdline Search Costs for discovering the 0.0284
posted price of a brand (0.004)
C Effect of Display on Search Costs - 0.0105
(0.005)
C, Effect of Feature Ad on Search Costs - 0.0142
(0.007)
(o Effect of Store-Category Familiarity on Search - 0.0001
Costs (0.033)
C, Effect on Search Costsiif the purchase was - 0.0002
made during the weekend (0.0
C, Effect of absence of full time homemaker in 0.0001
household on Search Costs (0.02)
C, Effect of increase in per capita household 0.0003
income of $1000 on Search Costs (0.01)
Whieing Mean value of the perceived quality of Heinz 0.1595
across al consumers and across all purchase 0.006
p
occasions)
Whunts Mean value of the perceived quality of Hunt's 0.0199
(0.002)
Woeimonte Mean vaue of the perceived quality of Del 0.0291
Monte (0.007)
Woenaic Mean value of the perceived quality of the 0.0092
Generic brand (0.002)
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TABLE TA.10: Parameter Estimatesfor Model 1V for Ketchup Set

Parameter Explanation MODEL IV
(Std. Deviation)
Cut-off Threshold for Past Purchases 0.1701
(0.00)
q Mixing probability for the model in which any 0.1455
brand that is on promotion enters the (0.060)
Consideration Set
g Mixing probability for the model wherein 0.0406
there is no consideration (0.020)
Wi Intercept for Hunts -2.1608
(W, = O for identification) (0.0141)
We, Intercept for Del Monte - 2.5186
(0.0140)
Wayr Intercept for Generic Brand -2.6157
(0.0141)
Py Effect of Price on Brand Choice Probability - 34160
(conditiona on consideration) (0.01)
A Effect of Feature Ad on Brand Choice 0.6592
Probability (conditional on consideration) (0.300)
Den Effect of Display on Brand Choice Probability 0.4822
(conditiona on consideration) (0.0
Len Effect of Brand Loyalty on Brand Choice 1.9385
Probability (conditional on consideration) (0.0173)

TABLE TA.11: Result from comparison of Model | with Model 1V for Ketchup

Model Comparison using

Singleton Test Results

H, : MODEL | isthe”

true’ moddl

Singleton Test Estimation Sample Hold-out Sample
MODEL | against MODEL |V Js=3.01 (c*with1 d.f.) Js =391 (c*with1 d.f.)
Ho : MODEL 1V isthe “true” model p-vaue< 0.10 p-value <0.05

TABLE TA.12: Hold out samplefor Ketchup

MODEL | | MODEL IV
Hit Rate 74.7% 71.4%
“Log 012 965
Likelihood
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