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1 Introduction

High observed repeat-purchase rates of branded goods stimulated one of the earliest empirical
literatures on consumer switching costs: habitual brand loyalty (HBL).! Defined as the
treatment effect of past choices on current choices, HBL embodies a form of structural
state-dependence attributed to non-economic or psychological switching costs.> HBL has

a number of important economic implications since it moderates the toughness of price
competition (e.g., Klemperer, 1995; Farrell and Klemperer, 2007; Dubé et al., 2010), generates
substantial barriers to entry into consumer goods industries (Bain, 1956), and likely accounts
for some of the $235 billion in estimated annual U.S. intangible brand capital (Corrado
et al., 2005).

Researchers typically do not observe switching costs and, instead, infer them from
choice data using parametric random utility models. This approach has been used extensively
for HBL (e.g., Erdem, 1996; Keane, 1997; Seetharaman et al., 1999; Dubé et al., 2010)
as well as switching costs in other markets, such as healthcare (Handel, 2013; Polyakova,
2016; Heiss et al., 2021; Pakes et al., 2021), rewards programs (Hartmann and Viard, 2008),
insurance (Honka, 2014), television (Scherbakov, 2016; Moshkin and Shachar, 2002) and
pension plans (Illanes, 2017). A potential concern is the extent to which the empirical
evidence for switching costs hinges on the parametric assumptions about a given demand
model.

We study HBL as a nonparametric treatment effects problem within a multinomial
version of Torgovitsky (2019)’s Dynamic Potential Outcomes (DPO) framework. HBL
exists if potential outcomes would have been different under different counterfactual past
choices. The DPO formulation clarifies the econometric distinction between the structural
state-dependence from brand loyalty and unobserved heterogeneity,® is not vulnerable to

the “initial conditions” problem®, and is robust to rich patterns of potentially time-varying

1See Brown (1953); Cunningham (1956); Kuehn (1958); Bass et al. (1984).

ZEgel et al. (1968) describe the underlying mechanism for HBL as cognitive dissonance
(Brehm, 1956; Festinger, 1957) causing psychological commitments to recently-chosen brands.
This distinguishes HBL from the longer-term loyalty due to brand taste formation (Guest, 1955;
Bronnenberg et al., 2012). Klemperer (1995) and Farrell and Klemperer (2007) discuss HBL and
psychological switching costs as a key example.

3See for instance Heckman, 1981; Honore and Kyriazidou, 2000; Honoré and Tamer, 2006;
Torgovitsky, 2019; Pakes et al., 2021.

4See for instance (Heckman, 1981; Simonov et al., 2020) for parametric solutions and (Honoré
and Tamer, 2006) for a partial identification approach.



unobserved heterogeneity.” The DPO generates nonparametric bounds on the extent to
which observed choices are due to HBL. A researcher can compute these bounds to test
for the presence of HBL nonparametrically before estimating a structural model of demand
and imposing potentially untestable parametric assumptions.

Methodologically, we extend a partial identification result in Torgovitsky (2019) showing
that the unrestricted identified set for HBL in our multinomial setting always contains
zero as its lower bound. So, choice data alone cannot disentangle the state dependence
from HBL and unobserved heterogeneity in tastes. To tighten the identified set, we first
explore restrictions implied by excluded instruments, the traditional source of identification
discussed in the literature on state-dependent demand (e.g., Chamberlain, 1985; Dubé
et al., 2010; Levine and Seiler, 2023; Berry and Compiani, 2023). We also show that the
DPO nests popular structural random utility models of discrete-choice demand, including
the canonical dynamic discrete-choice model (DDC). As in Torgovitsky (2019), we can
therefore explore alternative economically-motivated restrictions that are implied by standard
demand models without needing to impose parametric assumptions.

In the spirit of Becker and Murphy (1988), we then test for “rational” HBL in the sense
that consumers’ choices account for the future lock-in from HBL and the endogeneity of
the loyalty state. We prove that the canonical DDC (Rust, 1987) with HBL has built-in
exclusion restrictions that satisfy the conditions in Abbring and Daljord (2020) to identify
the discount factor. In particular, the flow utility from choosing one brand excludes the
prices of substitute brands in the canonical DDC. We then derive a novel set of moment
conditions that set identify the discount factor without any parametric assumptions over
consumers’ flow utilities. For conventional parametric specifications of the switching cost
itself, these moments point identify the discount factor. Therefore, our approach does not
impose any more structure than would typically be used to estimate the DDC.

We conduct several empirical case studies of mature consumer packaged goods (CPG)
markets with established brands using a household shopping panel dataset. Our nonparametric
bounds generate compelling evidence for HBL in the brand choices for several of the CPG
categories studied. The lower bounds on HBL for the leading brands in these categories
are often found to be well above zero, in some cases with at least 17.9% of the current
purchases of the top-selling brand arising from HBL. We also find several cases where at

least 16.8% of the choice-persistence in the top-selling brand (i.e., repeat purchases) is due

®Unlike a random utility model, the DPO does not require any parametric assumptions about
the transitory and persistent components of unobserved heterogeneity.



to HBL, and as much as over 90%. In short, the switching costs from HBL appear to be an
important driver of demand for the branded consumer goods studied.

Interestingly, our upper bounds are also quite informative with most categories exhibiting
less than 62.7% HBL, suggesting that this form of brand loyalty may not be as pervasive
as would be implied in parametric choice models that do not allow for heterogeneity in the
loyalty coefficient itself. In particular, the assumption that the loyalty or “switching cost”
coefficient is homogeneous (i.e., common across consumers) may overstate the true extent
to which consumers’ choices are driven by HBL. As further evidence that our HBL bounds
reflect psychological switching costs, we also rule out learning and search costs, two
alternative mechanisms that could also generate the positive state-dependence in choices
(e.g., Dubé et al., 2010).

We also reject the standard, myopic random-utility model of choice in favor of the
dynamic model with a freely-varying discount factor in each category. The results suggest
that while consumers are forward-looking, they assign less weight to their expected future
utility (are more impatient) than would be implied by the real rate of interest. These findings
are consistent with Miller et al. (2022) and Chevalier and Goolsbee (2009) who also find
consumers to be forward-looking, but more impatient than has been assumed in past work
using the DDC. Nevertheless, we find that the estimated long-run equilibrium elasticities
are considerably larger for the estimated DDC than the estimates from a myopic model that
that restricts the discount factor to equal zero. Most estimated cross-price elasticities are
between 500 and 1,000 times larger for the DDC than the myopic model. Hence, estimates
from the forward-looking demand model imply a more competitive market structure than
estimates from the rejected myopic model.

Our findings have important economic implications as HBL is a leading justification
for the approximately $180 billion spent annually in the U.S. on sales promotions® to steal
brand share from competitors.” Indeed, the results imply considerably more competition
and substitution once forward-looking behavior is accounted for. These results echo the
findings of Erdem et al. (2003) and Hendel and Nevo (2006) who also find large differences
between the elasticities from the myopic and forward-looking choice model; albeit with an

assumed (not estimated) discount factor value.

6Sales promotions typically consist of temporary discounts, coupons, in-store displays, loyalty
programs and newspaper feature ads geared towards influencing the consumer at the point-of-sale.

"Sales promotions represent about 75% of the $251 Billion spent by U.S. companies on advertising
in 2020, according to Statista: accessed on 11-12-2023 at https://www.statista.com/statistics/
429036/advertising-expenditure-in-north-america/.


https://www.statista.com/statistics/429036/advertising-expenditure-in-north-america/.
https://www.statista.com/statistics/429036/advertising-expenditure-in-north-america/.

Our work also contributes to the broader literature cited above that econometrically
estimates switching costs using the myopic discrete-choice model with a discount factor
implicitly set deterministically to zero. The nonparametric bounds on switching costs
provide prima facie evidence for switching costs before estimating a parametric demand
model. Our results also enable future work to test for forward-looking behavior semi-
parametrically and to base counterfactual analysis on an empirical estimate of the discount
factor.

Our approach is most closely related to the recent study of switching costs by Pakes
et al. (2021), who propose a moment inequalities estimator that generates semiparametric
bounds on a linear HBL parameter in a myopic choice model. Our empirical findings on
a tight upper bound for the extent of HBL may be problematic for the assumption of a
homogeneous switching cost parameter across consumers. While our DPO evidence is
fully nonparametric, it is not amenable to counterfactual policy simulations. It is unclear
whether the approach in Pakes et al. (2021) could be adapted to generate bounds on the
discount factor in the context of dynamic discrete-choice. Our work is also closely related
to Berry and Compiani (2023)’s analysis of the partial identification of state-dependence
in entry using instruments. The DPO formulation allows us to accommodate behavioral
restrictions that can potentially tighten the bounds on state-dependence even in the absence
of instruments, and to obtain a fully non-parametric identification strategy.

Our work is also related to an older literature testing for HBL nonparametrically using
within-consumer variation and generally finding inconclusive results (Anderson and Goodman,
1957; Frank, 1962; Bass et al., 1984)). The DPO enables the pooling of time-series data
across households without confounding state-dependence and persistent unobserved heterogeneity.
The partial identification strategy (Manski, 1995; Molinari, 2020) is also more agnostic as
it is fully nonparametric while still allowing for conditioning on marketing variables like
prices and promotions.

The rest of the paper is organized as follows. Section 2 defines the canonical discrete-
choice formulation of brand purchase behavior. Section 3 discusses the DPO model and
the empirical bounds on HBL, along with a set of identifying assumptions to tighten the
bounds. Section 4 derives moments from the DDC to identify and estimate the discount
factor. Section 5 describes our empirical case studies and results, with policy implications

discussed in section 6. We conclude in section 7.



2 Dynamic Discrete-Choice Demand with State-Dependence

We start by presenting the canonical, economic model of dynamic discrete-choice demand
(DDC) (Rust, 1987, 1994) with state dependence on the past brand chosen. The state-
dependence nests conventional models of consumer switching costs (Klemperer, 1995;
Farrell and Klemperer, 2007; Handel, 2013; Polyakova, 2016; Heiss and Winschel, 2008;
Pakes et al., 2021) and habitual brand loyalty (Erdem, 1996; Keane, 1997; Dubé et al.,
2010).

Each time period t = 1, ..., 00, a consumer makes a discrete purchase decision d; €
{0,1,...,J} = D where the choice set D containing a no-purchase alternative, j = 0, and
j = 1,..,J brands. A consumer in state s, € S obtains choice-specific utility u;(s;) +
€jt, Vj € D where we make the conventional normalization, u(s;) = 0. Following the
convention in the literature, we assume €; = (€q, ..., €5¢)" ~ i.i.d. F.(€) is a J x 1 vector
of random utility disturbances. For convenience, we assume F.(¢€) is the Type-I Extreme
value distribution. However, our results hold for any absolutely continuous distribution.

The state vector s; = (py, ¢;) contains the vector of current prices, p; = (Pt -, Pst)s
and, as in the extant literature on switching costs and HBL,? the consumer’s current loyalty
state, /; € {1,...,J} = J, indicating the previous brand purchased. As in past literature,
the loyalty state is not affected when consumers choose not to purchase, ;7 = 0. The
consumer’s loyalty state evolves deterministically in response to her current purchase decision,
d; € D, and the current loyalty state, /;. We assume that p; evolves according to an
exogenous first-order Markov process with L, discrete support points, P, and transition
matrix G. The state space S = P x J is, therefore, discrete with L support points:
L = |P| x J. We denote the consumer’s beliefs about the evolution of the state as the
Markov transition distribution Fy, (s;) = [Pr(s;11 = s1|s, di), . .., Pr(si1 = sp|se, dy)]-

The ex-ante value function for the consumer’s purchase decision problem is

(50 = B [ (050 + 3 1)

where the choice-specific value functions are defined as the solutions to

vj(sy) = wj(sy) + BF;(s¢) In { > exp (Vk)} ,VjeD (2.2)

keD

8See for instance Farrell and Klemperer, 2007; Erdem, 1996; Seetharaman et al., 1999; Erdem
and Sun, 2001; Shum, 2004; Dubé et al., 2010.



and where 3 € [0, 1) is a discount factor, v; = [v;(s1),...,v;(sy)] is an L x 1 vector, and
F;(s¢)isal x L vector. The consumer’s utility-maximizing choice probabilities in state s

are:
exp (v (s))

%8 = S e )

keD

Vj e D. (2.3)

We can re-write the choice-specific value functions in (2.2) in the following matrix form:

v (st) = w;(s) + BF;(s¢) (m+ vy),

where vo = [vo(s1),...,vo(sz)] and m = [—In(op(s1)), ..., —In(og(sy))] are L x 1.

The extant literature typically tests for HBL with variations of the following hypothesis:
Hy : HBL; = vij(p,¢ = j) —vj(p,{ = k) > 0 forsome k # j € J. (2.4)

The alternatives are variety-seeking (HBL < 0) and no state-dependence (HBL = 0).
HBL creates a dynamic incentive for consumers since choosing brand j today makes
it costly to switch to a competing brand in the future. Therefore, in the spirit of Becker
and Murphy (1988), 5 > 0 implies that the consumer anticipates this future lock-in when
making her current choice. When 3 = 0, the model collapses to the generic myopic random

utility model typically estimated in practice.

3 The Multinomial Dynamic Potential Outcomes Model

Our first goal consists of testing for and quantifying the extent of HBL in a dataset nonparametrically.
We use the multinomial analog of the nonparametric, Dynamic Potential Outcomes model

(DPO) (Torgovitsky, 2019), defining HBL as the causal effect of a consumer’s past choices

on current choice. We will show that the DPO nests the DDC with HBL from Section 2

without requiring any parametric assumptions about preferences or the discount function.
Furthermore, the DPO model set-identifies the extent of HBL in a brand-choice panel using
conventional exclusion restrictions or mild, economically-motivated identifying assumptions,

such as stationarity and monotonicity, that are implied by random utility models of demand.

As we will show through examples, these restrictions rule out potential outcome paths

associated with heterogeneous preferences, thereby tightening the evidence for HBL.



3.1 DPO Model with HBL

Consumer 7 makes observed brand-choice decisions Y;; € J = {1, ..., J} in time periods
t=0,1,...,T. Since the extant literature does not test for brand loyalty to the outside good,
we exclude the no-purchase alternative from this discussion. After the initial period, the
consumer receives the loyalty freatment Y;,_;) in period ¢ so that brand loyalty is defined as
the causal effect of last period’s brand-choice on the current period’s brand choice outcome.
As explained above, this definition of loyalty conforms with the extant literature on brand
choice. Conceptually, the DPO framework herein can accommodate more sophisticated
definitions of the treatment that includes the entire choice history. More important, any
evidence herein for our one-lag form of brand loyalty does not rule-out such higher-order
forms of loyalty from co-existing in the data (i.e., there is no specification bias unlike in a
parametric choice model that assumes the wrong form of loyalty).

In each period ¢, there exists a set of unobserved potential outcomes, Uy, (1), ..., Uy (J) €
J, corresponding to the brand choices that would have occurred under each of the loyalty
states Y;;—1) € J. The observed brand-choice outcomes, Y; = (Yo, Yi1, ... Yir) €
Y ={1,...,J}! are related to potential outcomes U; = (Y;, Ujy, ..., U;r) where Uy =
(Ui(1),...,Uy(J)) fort = 1,2, ..., T through the DPO model

Yy = Z H[Yvi(tfl) = ]]Uzt(j)> Vi >1 (3-1)

j=1

where the initial condition Y;, is observed but not modeled, avoiding the initial conditions
problem (Heckman, 1981).

In contrast with past research that defines HBL through the observed outcomes, Y,
the DPO defines HBL through the unobserved potential outcomes U;. The DPO allows
for state dependence through the probability that different loyalty states cause different
potential outcomes. With no further restrictions, the DPO exhibits HBL when we observe
positive state-dependence for a brand j: U;(j) = j, Uy (k) # j for some k # j € J. The
DPO exhibits variety-seeking when we observe negative state-dependence for a brand j:
Ui(7) # j, Uy(k) = j, for some k # j € J. The loyalty state has no causal effect in the
DPO when we observe the same potential outcomes for a brand 7 in different loyalty states:
Ui(j) = Uy(k) for all j # k € J, such as when brand choice reflects (persistent) tastes
and consumers are always-takers of brand j. The central challenge in the DPO framework

is that the potential outcomes are only observed in the observed loyalty state. Therefore, at



best, we can learn about the distribution of HBL in subsets of the population.

An additional challenge in the DPO, and a classic challenge in the literature on state-
dependence in choices, is the separate identification of state-dependence and heterogeneity
(Frank, 1962; Heckman, 1981; Erdem, 1996; Keane, 1997; Dubé et al., 2010). The DPO
also accounts for unobserved heterogeneity by allowing for variation in the potential outcomes

(Uy(1), ..., Uy(J)) in the population. We provide examples below in section 3.3.1.

3.2 The DPO Nests the Canonical DDC

We now show that the DPO nests the myopic and dynamic random utility models from
section 2. Below we omit prices (or other marketing variables) from the state. In the
canonical DDC, the potential outcomes in any given loyalty state are the choices generated

by utility maximization

Un(y) = ar%max{vk(y) +ewt, VyeJ (3.2)
eJ
where the observed treatment is y = Y1) € J. As before, we can relate the observed

outcomes Y; to the potential outcomes as follows:

Yi = Z H[Yi(t—l) = ylUs(y). (3.3)
yeJ

Recall that the choice model in section 2 includes a no-purchase alternative, j = 0, to
which consumers do not form any loyalty. For the empirical DPO analysis, we condition
on purchase (i.e., exclude non-purchase) to reduce the computational burden. However, it
is straightforward to reformulate (3.3) to accommodate no-purchase in our DDC analysis

as follows:

Ui (y) = argmax{vk(y) + €x }, Yy € D

keJ
Yie = Z IL[Y;(t—l) = y]Uit(y) + IL[Yi(t—l) = O]Uz‘t(&t—l)
yeJ
by = 1[Y—1) = 0]y + 1[Yi—1) # 0]Yiee—1) (3.4)

where y is a counterfactual loyalty state, and ¢, is the realized loyalty state.

While the DPO model is agnostic about the parametric form of the potential outcomes



function Uy (+), the random utility model of demand imposes several parametric restrictions
including utility maximization behavior, the additive separability of the random utility
disturbances, €, a parametric distributional assumption for the utility disturbances, F(€),
and, in the case of the DDC, assumes geometric discounting and a parametric distribution
for consumers’ beliefs about the state transition process. The DPO can therefore be a useful
starting point to document nonparametric evidence for HBL before estimating a parametric
DDC to conduct counterfactual analysis.

3.3 Identification of HBL in the DPO model

The empirical goal consists of testing for a causal effect of past brand choice on current

decision-making. We therefore define our target parameter vector as follows:
HBL,(P) € {HBL(P),...., HBL(P)}, (3.5)
where
HBL; (P) =PpFk #je T st.Uu(j) = Jj,Uun(k) # ] (3.6)

where [Pp is the probability of an event under the probability mass function over the

possible potential outcome paths P, and the entire potential outcome path is U; = (Y;o, Uy, ...

with support & = {1, .., J}'7*1. Formally, HBL,; measures the population probability on
date ¢ that there exists at least one brand k£ # j such that a consumer who would choose
brand 7 if they had previously chosen it would choose something else if they had instead
previously chosen k. In our brand choice setting, the HB L parameter likely also depends
on demand-shifters at the point of sale, like prices and in-store display advertising. It is
straightforward to define versions of the parameter, HBL| X, that depends on such demand-
shifters, X, to ensure our results are not spurious.

Measuring HBL under the DPO model (3.1) differs conceptually from the more familiar
structural random utility framework, where HBL consists of a preference parameter. Our
model primitive now consists of the probability mass function P, where P(u) represents

the probability of observing potential outcome path p in the consumer population. Let P

10
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denote the set of all probability mass functions P where

P:uU—[0,1 st » Pp)=1 (3.7)

pneu

The parameter space, PT, consists of the subset of P that satisfies the researcher’s prior

assumptions:
Pl ={PeP:pP) >0}, (3.8)

where p : P — R% is a function representing assumptions on P, d,, is the dimensionality of
the restrictions, and the inequality is interpreted component-wise. p(P) denotes additional
prior restrictions, discussed below in more detail, that we will impose to tighten identification.
In the empirical application of the DPO, we will also need to address the fact that the
dimension of U/ increases exponentially in ./ and 7'.

We can now define the identified set, P*, as the observationally equivalent subset of
the parameter space, P', for which the DPO can rationalize the observed brand choices.
Let P[Y; = y| denote the observed probability of Y;. Then the observational equivalence
requires that, for every y = (yo, ¥1,-.,yr) € Y,

PlY; = y] = Pp[Yio = yo, Uit(yr—1) = yrall t > 1] = Z P(p), (3.9)

1EUoeq(Y)

where U,,, is the set of all potential outcome sequences that can generate the observed
choices y = (yo, Y1, .-, yr) through 1o = yo and s (ys—1) = y; forall ¢ > 1.

We now turn to the testing of HBL and the corresponding identified set. Recall that we
only observe the potential outcome in the observed state, Uy (Y;¢—1)), so that {Us(y) }y2v, wnET
is unobserved. The following proposition clarifies that the HBL;; parameters (3.6) are
not point-identified, but are set-identified. The proposition extends Torgovitsky (2019)’s

Proposition 1 to the case of multinomial choice.

Proposition 1. Suppose that PT = P. If 0 = HBL;(P), then

0" =[0,P[Yig—1) = j,Yie = j] + P[Yiu—1) # j]] when |T| > 3,
0 = [0, P[Y;4-1) = j, Yar = j| + P[Yiuo1) # J, Ya # jl] when |T| = 2. (3.10)

Proof. See Appendix A.1. O

11



Proposition 1 confirms that the data alone (i.e., P = P) cannot reject pure heterogeneity
in tastes as the driver of observed choices. In other words, the data alone can never reject
the hypothesis that consumer behavior consists of “always-taking” whereby consumers’
choices are independent of the state. Nevertheless, the data alone can tighten the upper
bound on HBL depending on the amount of serial dependence in choices — switching
behavior. We illustrate these results in the simple pedagogical example below. In the next
section, we discuss the identifying information contained in behavioral restrictions and

excluded instruments.

3.3.1 A Pedagogical Example

Assume binary choice, J = 2, and a population with only two consumers, ¢ € 1,2, who
make an initial choice in period ¢ = 0 and are observed to make two subsequent choices
in periods ¢ = 1 and ¢ = 2. Suppose we observe the choice sequences Y; = (0,0,0) and
Y> = (0,1,1) for consumers 1 and 2, respectively. Recall that we do not observe each
consumer’s true potential outcome path, U;. Instead, we can only make inferences about
the distribution of U; by examining the set of candidate potential outcome paths we can
exclude based on the observed choices, Y;.

Let i = (p0, (1(0), p1(1)), (u2(0), p2(1))) € U denote a candidate potential outcomes
path that starts with an initial choice /1o and exhibits pairs of potential outcomes (1(0), 11:(1))
in each period ¢ = 1, 2. We use the shorthand (-, (-, ), (-, -)) for the set of potential outcome
paths where each - can take any value in {0, 1}. In other words, (-, (-, -), (+,+)) is the set U
and, for instance, (0, (-,-), (1,+)) is the set of paths where ;10 = 0 and u2(0) = 1. In our
example, there are 2° = 32 candidate potential outcomes paths in I/, since each - can take
either O or 1.

Without additional restrictions, the identified set corresponding to our data is

P;eq ={P: ZP(U’) =1, P(u)€l0,1],

pneu

P[IJ’ S (07 (07 ')7 (07 ))] = P[}fz = (07070)] =

Y

} (3.11)

N =D —

P[,LL € (Ov (17 ')7 (" 1))] = ]P[Y; = (Ov L, 1)] =

The first row is required for P to be a probability mass function on /. In the second

and third rows, the first equality reflects observational equivalence: the set of potential

12



outcomes paths on the left-hand side that are consistent with the observed choices on the
right-hand side. In the second line, for instance, the consumer chooses j = 0 in the initial
period and each of the subsequent two periods, so that the observed state is also 0 in both
subsequent periods. We do not observe the potential outcomes in state 1 since the consumer
is never in state 1 in the data. We use - to denote the potential outcomes in the unobserved
loyalty states each period. The second equality in each of rows two and three reflects the
empirical frequency of the choice path, which is 50% in each case. Even though only 8 of
the 32 candidate potential outcome paths can be consistent with the data,’ we cannot rule
out pure heterogeneity. For instance, € (0, (0,0), (0, -)) is in the identified set above and
is consistent with consumer ¢+ = 1 being an always-taker of j = 0 in period ¢t = 1. That is,
we cannot rule out that consumer ¢ = 1 would have chosen j = 0 regardless of the state.
We can now define the target parameters HBL,(P) for any P in the identified set. For

period 1, we have
HBLy(P) =Plp € (-,(0,1),(-,-))] = Plp = (0,(0,1),(0,0))] + Plp = (0, (0,1), (0, 1))]

where the first equality is the definition of HBL;(P) and the second equality reflects the
fact that only two of the eight potential outcome paths consistent with Y; and Y5 exhibit
HBL in period 1. We can bound HBL,(P) within the closed interval [0, 1/2]:

0< P[”’ = (07 (07 1)7 (07 0))] + P[“’ = (07 (07 1)? (07 1))] < P[Y; = (07070>] = 1/2'

where the first inequality reflects the constraint that probabilities need to be non-negative
and the second inequality reflects the observational equivalence constraint in the second
line of (3.11). But, in period 2 we cannot reject that both consumers exhibited HBL and,
hence, HBL, € [0, 1]. This is because both consumers repeat-purchase the same brand in
period 2, and we cannot rule out that they would have purchased the other brand had they
been loyal to it instead. Averaging over time, our estimate of HBL for the total sample is
HBL = L(HBL, +HBL,) € [0,3].

As established in Proposition 1, the pure empirical evidence in the unrestricted data
always fail to reject "no HBL." However, the serial dependence in the data — consumer 1’s
repeat-choice of j = 0 in ¢ = 1 and consumer 2’s repeat-choice of 7 = 1 in ¢ = 2 — tighten

the upper bound.

9There are 4 potential outcomes paths in the set (0, (0,-), (0,-)) and 4 in the set (0, (1,-), (-, 1)).
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3.4 Identifying Assumptions

We now explore two sources of nonparametric restrictions, the function p in (3.8), to tighten
the HBL bounds: (1) instruments and (2) behavioral restrictions implied by economic
models of choice. These restrictions can also be adapted to the case where the DPO
model conditions on marketing variables, such as prices or point-of-sale promotions. See

Appendix B.2.3 for technical details.

3.4.1 Instruments

As in Berry and Compiani (2023), we can use a generalized instrumental variable (GIV)
to restrict the potential outcome paths that can rationalize the data and tighten the HB.L
bounds.’® Following Chamberlain (1985), we use lagged demand-shifting variables as
instruments for the endogenous loyalty state. Under the assumption these variables do not
have any carry-over effects, they do not affect current potential outcomes conditional on
the current state - HBL and the current values of demand shifters.!! We use the following

nonparametric exclusion restriction:

Assumption IV: Consider U;; = (Uy(1), ..., Uy (J)), the actual potential outcomes for
period t as before, some other candidate potential outcomes path p = (u(1), ..., u(J)) €
{1,...,J}’, and an observed covariate X ;. The IV restriction is satisfied if for every P €
Pf,all t > 1, every u, and every ', 2° € X such that P[X;, = '] # 0 and P[X;, =
1131, Xi(tfl) = iBO] # 0,

PplUy = p| Xy = x'] = Pp[Uy = p| X = @', Xip—1) = ).

In other words, conditional on the current demand-shifters, lagged demand-shifters do not
change the potential outcomes. Such an instrument could be constructed with prices or
promotions, for instance.

Microeconomic theory provides yet another natural candidate instrument restriction

0Berry and Compiani (2023)’s analysis of monopoly entry into a market with persistent
heterogeneity and state-dependence is analogous to the binary version of our brand-choice model;
although their analysis also extends to multinomial action spaces and oligopoly market structures.

HErdem and Sun (2001) and Dubé et al. (2009a) implement parametric versions of such tests
in reduced-form by conditioning on lagged prices in choice models that exclude the loyalty state.
Levine and Seiler (2023) explore an interesting polar case where a product is exogenously dropped
temporarily from the choice set, causing its lagged price to increase temporarily to infinite.
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based on the downward-sloping nature of demand in the current price level, at least for
the myopic version of the model. More formally, prices satisfy the Monotone Instrumental
Variable restriction introduced by Manski and Pepper (2000, 2009):

Assumption MIV: Consider Uy(y), the potential outcome in loyalty state y as before,
and an observed covariate X;; = (X;;;, X; _;:), where X;;; takes values in a partially
ordered set. The MIV restriction is satisfied if for every P € P, Pp[Uy(y) = j|Xije =
zt, X; ;= x°] is weakly decreasing in x' for every a°, each j, every y, and every ¢ > 1.

In the case of prices, the MIV assumption implies that the potential demand for brand
in any given loyalty state is decreasing in its current own price, holding competitor prices
constant. Unlike our IV restriction above, the MIV restriction on price could be rejected if
consumers are forward-looking and form beliefs that generate non-monotonicities in prices.
For instance, a price reduction on an older vintage of a product might cause the consumer to

delay purchase in anticipation of a subsequent clearance sale, violating the MIV restriction.

Example: Suppose we adapt the simple pedagogical example from section 3.3.1 to
include the relative price of brand 1 versus brand O as either high or low, p € H, L. The
data contain each consumer’s choice history Y = {Y; = (0,0,0) and Y5> = (0,1,1)} and
price history p = {p; = (H, L) and p» = (L, L)}. So, consumer 1 faces a relatively high
price in period 1 and a relatively low price in period 2.

With no restrictions, we again find HBL, € [0, 5] and HBL, € [0, 1] so that HBL €

[0, 2]. One implication of imposing IV is:

P[“‘ € ('7 ('7'>7 (070)‘1)1] = P[.U‘ € ('? ('v ')7 (0,0)‘1)2].

Conditional on period-2 prices, the probability of potential outcomes (0,0) in period 2 is
independent of lagged prices. The right-hand side is O since it is inconsistent with either
consumer’s observed choices and prices. Under 1V, it follows that the left-hand side is also
0, so that consumer 7 = 1 cannot have been an always-taker on product 7 = 0 in period

= 2. Another implication of 1V is:

P[.u‘ S ('7 ('7'>7 (17 1)‘131] = P[.u‘ € ('7 ('v ')7 (17 1)‘132]-

Now the left-hand side is O since it is inconsistent with either consumer’s data. Under IV,

it follows that the right-hand side is also 0, so that consumer 7 = 2 cannot have been an
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always-taker in period ¢ = 2. Therefore, under IV, we can now point-identify HBL in
period t = 2: HBLy = 1.

3.4.2 Stationarity

As in Torgovitsky (2019), we define stationarity, a standard assumption for parametric

models of HBL, over multiple periods as follows:

Assumption ST: Let m be a non-negative integer that the researcher chooses for
assuming multi-period stationarity. Define Uy, = (Uj(1), ..., U (J)) for all t > 1. Define

= (g1, ) € {1,.., TV where pty, = (ptm(1), ..., tm(J)). Then for any
P e Pheveryue{1,.. J}/ D andevery t,t' > m + 1,

PplUit-my = p1; - Ui = o] = Pp[Usp—my = p1, ..., Uiy = pny).

A simple form of stationarity with m = 0 ensures the time-invariance of the joint distribution
of single-period potential outcomes (Uy;(1), ..., Uy (J)) in the population.
The following proposition establishes that assumption ST is implied by a standard DDC

with stationary flow utilities (preferences), covariates and utility shocks.

Proposition 2. Suppose that every P € PT is consistent with Uy (y) being generated
through (3.2) by the DDC model in section 2. Denote the observed state as s = (x,y)
where x represents all covariates and y the loyalty state. Let ¥ x (@4 17y ..., T4, +r) be
the cumulative distribution function of {X,} at times t, + 7,...,t, + 7. For a chosen
non-negative integer r, if Fx(xi_p,...,x;) = Fx(xy_p,...;xy) for all t,t" > r+ 1,

Assumption ST is satisfied with m = r.

Proof. See Appendix A.1. m

This definition of ST implicitly restricts the underlying distribution of any demand-
shifting covariates. If we also assume a stationary distribution over these covariates (e.g.,
ergodic Markov),'? then ST mechanically holds once the chain of choices and covariates
has reached their stationary distribution. However, it is straightforward to adapt the ST
restriction and compute bounds on HBL conditional on covariates, like prices and in-store

promotions, so that ST imposes no implicit restrictions on the covariates (see Appendix

12CPG prices can be Markovian (Eichenbaum et al., 2011; Dekimpe et al., 1999).
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B.2.3 for technical details). This conditional HBL also serves as a robustness check that
our empirical bounds are not picking up spurious brand loyalty from unmodeled non-
stationarity in covariates.

After conditioning on covariates, ST is implied by most applications of discrete-choice
demand due to the commonly-assumed two-component structure of unobserved heterogeneity:
(1) a transitory component with i.i.d. “random utility" shock and (2) a time-invariant,
perfectly-correlated serial dependent component with random coefficients.

Under ST, it is not possible for mechanisms that generate a non-stationary treatment
effect of past choices on current choices to be the source of HBL. Therefore, under ST, any
evidence for HBL cannot be attributed to alternative, non-stationary sources of persistence
like Bayesian learning (e.g., about the brand and/or product quality as in Erdem and Keane
(1996)).

Example: Consider a slightly modified version of our two-consumer, three-period
example in Section 3.3.1, where we now observe outcomes Y; = (0,0,1) and Y5 =
(0,1,1). The observational equivalence condition requires that P[Y; = (0,0,1)] = P[p €
(0,(0,-), (1,-)] = 1/2and P[Y; = (0, 1,1)] = P[p € (0, (1,-),(-,1))] = 1/2.

If we let m = 0, Assumption ST imposes the following additional restrictions that for

every g, 4 € {0,1},

P[“’ € ('7 (%7721)7 ('7 ))] = P[u S ('7 ('7 ')7 (a0>al))] (3'12>

In practice, ST is testable and in our example it would not hold if we only observed the
consumer with choice sequence Y;. However, ST does hold in our simple two-consumer
panel because it adds identifying information across consumers. Starting with the right-
hand side of (3.12) when @y = 0 and @, = 0, we have Plu € (-, (+,-),(0,0))] = 0 because
this potential outcomes pattern is inconsistent with either Y; or Y;. It follows that on the
left-hand-side, which is only consistent with Y;, we have P[u € (+,(0,0),(-,-))] = 0.
Therefore, under Assumption ST, we can only rationalize Y; for u € (0,(0,1),(1,-)),
giving us: P[Y; = (0,0,1)] = P[p € (0,(0,1),(1,-))] = 1/2. In sum, Assumption ST
rules out that consumers 1 is an always-taker in period ¢ = 1.

Turning to the case when 4y = 0 and 4; = 1 in (3.12), the left-hand-side potential
outcomes pattern (-, (0, 1), (-, -)) is only consistent with Y; and so P[u € (-, (0,1), (+,-))] =
Plp € (0,(0,1),(1,-))] = PlY; = (0,0,1)] = 1/2, where the first equality comes from
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observational equivalence and the second equality comes from the previous step, where
Assumption ST ruled out heterogeneity for Y; in period ¢ = 1. By Assumption ST, the
right-hand-side P[u € (-, (+,-),(0,1))] = 1/2. Since the right-hand-side is only consistent
with Y5, it implies that P{u € (0, (1,-),(0,1))] = 1/2 and so Y5 is only rationalized with
p € (0,(1,-),(0,1)). Therefore, Assumption ST also rules out heterogeneity for Y5 in
period t = 2.

Restrictions (3.12) when (@, %;) = (1,0) or (1, 1), together with restrictions reflecting
the two cases above, and observational equivalence, imply that Pl € (0, (0,1), (1,a))] =
Plp € (0,(1,a),(0,1))] for w = 0,1. The combination of the data and Assumption ST

therefore generate the identified set

Pir={P: > P(u)=1, P(u)<c[01],

P[ll’ S (07 (07 1)7 (17 ))] - P[Y; = (0,0, 1)] =

Y

P[ru’ S (07 (17 ')7 (Ov 1))] = ]P[Y; = (Oa L, 1)] =

?

N~ DN

P[ll’ = (O’ (17{‘)7 (07 1))] = P[”’ = (07 (07 1)7 (1’ a))] foru = 0, 1}'

Furthermore, we have HBL,(P) = P[p € (-,(0,1),(-,-))] = Plp € (-, (0,1),(1,-))] =
1/2 and HBLy(P) = Plp € (-, (+,+),(0,1))] = Plp € (-, (1,-)),(0,1)] = 1/2 forall P €
Pr. Therefore, HBL, and HBL, are point identified under stationarity in this example
and 50% of the population exhibits HBL in each period. Overall, we have HBL = %
Intuitively, Assumption ST tightens the identified set by restricting the flexibility of
population heterogeneity in the data, thereby bounding the degree of HBL from below. In
the example above, Assumption ST excluded heterogeneity of the form (-, (0,0), (-,-)) in
t = 1 using observational equivalence in ¢t = 2, effectively bounding the HBL parameters

above 0.

3.4.3 Monotone Treatment Selection (MTS)

As in Torgovitsky (2019), we also consider Manski and Pepper (2000)’s Monotone Treatment

Selection restriction:
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Assumption MTS: ForVy,y € {1,...,J}and all t > 2 s.t. P[Yj4_1) = j|Yip—2) =
7] € (0,1), every P € PT satisfies

PpUs(y) = jYie-1) = J, Yie—2) = ] = PplUn(y) = jYie—1) # 7, Yie—2) = 9.
(3.13)

Assumption MTS implies that a consumer who purchased brand 7 in period ¢ — 1 is more
likely to choose brand j in all potential loyalty states during period ¢ than some other
consumer who does not choose j in period ¢ — 1. Conditioning on Yj;_o) ensures that
Yi—1) are comparable. Intuitively, the MTS assumption implies that consumers who self-
selected into loyalty state j have a weakly higher propensity to purchase j in the following
period than those who didn’t select into loyalty state 7. In the myopic choice model, this
propensity to purchase might, for example, come from a persistent unobserved preference
for the brand or from positively serially-correlated utility shocks.

The following proposition establishes that weakly positive serial correlation in the
choice probabilities is sufficient for the potential outcomes implied by the DDC model

in section 2 to satisfy MTS.

Proposition 3. Suppose that every P € PT is consistent with Uy(y) being generated
through (3.2) by the DDC model in section 2. Assumption MTS is satisfied if the
following condition is satisfied for each (y,3) € J*:

Ep:pi1) [Uj(ptuy>o-j(pt—1,g)|}/;(t—2) = ﬂ] > Eyp, [Uj(Ptay)|Yz‘(t—2) = ?]] Eop,_, [O'j(pt—17g)|yi(t—2) =

where ;(p, ) is defined in (2.3).
Proof. See Appendix A.1. O

In practice, weakly positive serial correlation in the choice probabilities may be a
tenuous assumption. In a model with no covariates, MTS only requires weakly positive
serial dependence in the random utility shocks. However, in the presence of time-varying
demand shifters, MTS may impose restrictions on their distribution. To illustrate, consider
a binary-choice version of the myopic choice model (8 = 0) with the following choice-
specific values: u;(p,!) = 7; — ap; + Ag—j;, where (71, ...,7s, o, A) are parameters and
Is;—j; indicates whether the consumer repeat-purchases the last brand chosen. If we allow

for weakly positive serial-dependence in the random utility shocks, €;, it is straightforward
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to show then weakly positive serial-dependence in the price difference between the two
products, p1; — po:, 18 sufficient for the potential outcomes to satisfy MTS. While MTS may
be violated by some covariate distributions, we find that it holds 100% of the time in each
of our empirical applications in section 5.4 below using a parametric DDC and Markov-
distributed prices. In empirical applications where MTS does not hold, one could condition

the HBL parameter on price levels and modify the identifying restrictions accordingly.

Example: We again revisit the two-consumer example in Section 3.3.1, where we
now observe outcomes Y; = (0,0,1) and Y; = (0, 1,1). The observational equivalence
condition alone gives us: HBLy = Plu € (-, (-,-),(0,1))] = Pl € (0,(1,-),(0,1))] <
PlY; = (0,1,1)] = 1/2. Assumption MTS imposes the following additional restriction:

PlU;i»(0) = 1|Y;1 = 1,Y0 = 0] > P[U;2(0) = 1|Y;; = 0,Y; = 0] (3.14)
PlUip(1) = 11Y;n = 1,Y50 = 0] > P[U;p(1) = 1|Y;; = 0,Y;0 = 0]. (3.15)

The right-hand side of (3.14) is consistent with Y7 and occurs with probability 1: P[U;»(0) =
11Y;1 = 0,Y;0 = 0] = P[Yie = 1]Y;; = 0,Y; = 0] = 1. The inequality implies that the
left-hand side must give P[U;2(0) = 1|Y;; = 1, Yip = 0] = 1. Since the conditioning event
on the left-hand-side can only be consistent with Y5, (3.14) rules out HBL for consumer 2
int =2 HBLy = Pl € (0,(1,-),(0,1))] = 0. It does not impose additional restriction
on Hgﬁl. In restriction (3.15), the left-hand side is consistent with Y5 and occurs with
probability 1. But it has no information for either HBL, or HBL, because the inequality
always holds. Therefore, Assumption MTS reduces HBL, from 0.5 to 0 and has no impact
on HBL,. Overall we have HBL € [0, 1].13

Intuitively, Assumption MTS tightens the identified set by restricting the sources of
serial-dependence in the data which can be confounded with HBL. The restriction bounds

the degree of HBL from above.

3.4.4 Monotone Treatment Response (MTR)

A natural candidate restriction is directly on sign of the state dependence in brand choices.

We could explicitly rule out negative state dependence (i.e., variety-seeking) through the

13In our two-consumer example, this suggests that MTS and ST are incompatible assumptions
since ST led to point identification at HBL = % If we assume both ST and MTS, the identified set
Psrimrs is empty. In our empirical applications, we will test for the non-emptiness of the sample
identified set as a test of specific combinations of our identifying restrictions.
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following restriction, as in Manski (1997):
Assumption MTR: For Vk # j and for all ¢, every P € PT satisfies

Pp1{Ua(j) = j} = L{Uu(k) = j}] = L. (3.16)

This assumption captures the idea that being loyal to a brand weakly improves the utility
of that brand more than the utility of any other brand.

The following proposition establishes a sufficient condition for the DDC model in
section 2 to imply MTR. In the canonical linear utility version of the DDC, Assumption
MTR holds if the loyalty coefficient is non-negative. More generally, this assumption is
implied by a separable additive utility function where a change in state from £ to j weakly
increases the utility of choice j relative to all other options (Heckman and Vytlacil, 2007;
Heckman et al., 2008; Lee and Salanié, 2018; Irace, 2018).

Proposition 4. Suppose that every P € PT is consistent with Uy(y) being generated
through (3.2) by the DDC model in section 2. If uj(p,{ = j) — uj(p,£ =k) > 0 and
w(p,l=7)—w(p,l=k) <0 atalp forall k,l # j € J, then Assumption MTR is
satisfied.

Proof. See Appendix A.1. n

While MTR may not always tighten the bounds of the HBL parameters, it reduces
the computational burden by eliminating potential outcomes paths. In the two-consumer,
three-period example of section 3.3.1, Assumption MTR reduces the number of admissible

potential outcome paths from 8 to 6, so that Y5 is only consistent with o € (0, (1,1), (-, 1)).

3.4.5 Testing the Identifying Restrictions

There is some scope for testing the identifying restrictions. First, we can test the null
hypothesis that the identified set is non-empty under a specific set of restrictions: Hy :
P* # (. If we reject the null hypothesis, we conclude there is no empirical evidence
for the specific combination of restrictions. We use Chernozhukov et al. (2015) for this

specification testing.
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Second, from Manski and Pepper (2000), we know that the combination of MTS and

MTR generates the following testable condition:
P[Yi: = j1Yig-1) = J, Yie—2) = 9] = P = j|Yie—1) # J, Yig—2) = 3. (3.17)

Condition 3.17 implies that the empirical choice propensity for a brand j is higher in state

j than under some other loyalty state k& # j.

3.5 Computing the Identified Set of HBL Parameters

Every probability mass function P in the identified set P* produces an HBL instance that
is consistent with data and prior assumptions (p(P) > 0, including Assumptions ST, MTS
and MTR). To get the identified set of HBL, we use the linear programming approach
from Torgovitsky (2019). After extending the objective functions and constraints to the
multinomial choice context as we discussed above, we can compute the identified set of

HBL as a closed interval ©* = 607, 60%,] by solving two optimization problems,

0r = min O(P
b (P(wyel0 ety (P)

s.t. p(P) > 0, (3.7), and (3.9) (3.18)

R —

= max 6(P)
{P(n)€l0,1):pelt}

s.t.p(P) >0, (3.7), and (3.9) (3.19)

where 6 could be any linear combination of {HBL;.(P)}jc7, t=1...r- In Appendix B.2, we

77777

derive the analogous computation for a version of the DPO model that conditions on the

price vector, where the prior assumptions p(P) > 0 can include Assumptions IV and MIV.

4 A Test of Forward-Looking Behavior in Brand Loyalty

The DPO nests a broad class of random utility models, including myopic consumers who
fully discount the future (3 = 0) and passively respond to their brand habits, and forward-
looking consumers (3 > 0) who base their choices in part on their future brand loyalty. The

extant empirical literature on habitual brand loyalty typically assumes myopic consumer
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behavior.'* We propose additional parametric restrictions under which the discount factor,
/3, can be jointly identified with the consumer’s deterministic flow utilities, u;(s),Vj €
D. Our identification results are constructive and immediately suggest a semiparametric

minimum-distance estimator of the discount factor and test for forward-looking behavior.

4.1 Identification of the Discount Factor

At least since Rust (1994)’s non-identification result, the conventional wisdom has been
that the discount factor (3 in the DDC is not identified without additional restrictions (e.g.,
Magnac and Thesmar (2002)). We now show that the DDC in section 2 has built-in
exclusion restrictions of the form discussed in Abbring and Daljord (2020) that resolve
this non-identification problem.

Following Hotz and Miller (1993), the inversion of (2.3) identifies the choice-specific

value contrasts:

In ("j (S)) = v;(s) — vo(s) (4.1)

— u(s) + BIF; (5) — Fo(s)][L - ] 'm,

Even if beliefs F in (4.1) are observed, an additional moment is needed to disentangle the
utilities, u;(s), and the discount factor, .

Appendix B.1 shows that the canonical dynamic discrete-choice model of demand
for differentiated products with HBL or switching costs has a built-in set of exclusion
restrictions that identify . The current-period utility only depends on the price of the

chosen alternative, p;, and not on the prices of rival products, p_;:
uj (pj, P—j ) = uj (pj, -, 0) -
Let S* denote the set of pairs of states that generate excluded rival price variation:
S={{s,s} eS8 :pj=p), p_; #p , andl =0 =11#j forjeT}. (42)

If we assume that prices are exogenous, E(ej|pj:) = 0, we can construct a new set of

14See for instance Guadagni and Little (1983), Erdem (1996), Keane (1997), Seetharaman et al.
(1999), and Dubé et al. (2010). One exception is Chintagunta et al. (2001) who estimate the
reduced-form of the DDC in 2.3 without separately identifying 5 and preferences.
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moment conditions by differencing the Hotz-Miller conditions (4.1) for each pair of states
(s,8') € S

/
In (Zg—i;) —In (Zggi/;) = B[F;(s) — Fo(s) — F;(s') + Fo(s)][I — SFo) 'm. (4.3)
Intuitively, a change in a competing product’s price can only affect the value of choosing
a given brand through the change in the consumer’s beliefs about future prices and, hence,
her expected continuation value.

The following proposition, based on Theorem 1 in Abbring and Daljord (2020), characterizes
the identified set for 5 based on the moments (4.3).

Proposition 5. Suppose that we observe pairs of states as in (4.2) and that either
the left-hand side of (4.3) is nonzero (that is, 0;(s)/oo(s) # o;(s')/o0(s")) or [F;(s) —
Fy(s) — Fy(s') + Fy(s')|[I — BFo)"'m # 0. Then the identified set of discount factors

is a closed discrete subset of [0,1).
Proof. See Abbring and Daljord (2020). O

The rank condition in proposition 5 does not guarantee that 3 is point identified.s
However, conditional on 3, the utilities are point identified from the Hotz-Miller conditions
4.1).

The following proposition'® establishes point identification when the choice-specific
utilities do not depend on the loyalty state except when the consumer repeat-purchases the

same brand, as is typically assumed in parametric models of switching costs:
wi(p,£) = u;(p, k), for £ # kand £,k # j.

Proposition 6. Suppose that (1) J > 3; (ii) prices follow a first-order Markov process
that evolves independently of the loyalty state; and (iii) the set of pairs of states Sid

18 non-empty,
Sid — {{s,s’} €eS*:p=p and (£, for everyp € 77} . (4.4)

Then the discount factor is point identified.

15 Abbring and Daljord (2020) conjecture that when multiple exclusion restrictions are available,
as in our empirical applications below, 8 will be point identified.
16We are grateful to Aureo de Paula for inspiring this result.
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Proof. See Appendix A.2. n

4.2 A Minimum Distance Estimator for the Discount Factor

We construct the empirical analog of the moments (4.3) for each observed pair (s, s’) € S%,

which satisfies p, = pl,, p—o # P",, and { = ¢’ = [, # a, respectively for a € 7,

—In a4 (8) —In 0a (s') _ S) — S) — < g _ “Ton
2(9) = (242 ) <t (25 ) < SIS - Fo ) - Fu() + B~ R m.
(4.5)

Although we are unable to prove point identification in general, Proposition 6 provides
a commonly-used empirical specification where it would hold. We therefore define the

minimum distance estimator
pMP = arg;nin g(8) Weg(B) (4.6)

where W is an (R x R) weight matrix and g(/3) is the (R x 1) vector of moments. Inference
follows directly from Newey and McFadden (1994).

5 Empirical Application: CPG Demand

5.1 Data

We conduct a case study of demand for consumer brands in the CPG industry using the IRI
Academic Dataset.'” The data comprise a shopping panel for 15,079 households spanning
12 years between 2001 and 2012. In addition, the data include weekly price and sales
data at the UPC level for chain grocery and drug stores in those markets. Our analysis
focuses on the period from 2004 to 2007, since this data period provides the largest sample
with qualifying purchases and that a longer period is more likely to contain non-stationary
changes in the purchase environment that may invalidate the stationarity assumption in the
DPO model.

For our analysis, we select mature CPG product categories that are unlikely to exhibit

much short-term consumer learning, are likely to exhibit discrete choices, are sold in

17See Bronnenberg et al. (2008)
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standardized package sizes, and have an oligopolistic market structure comprising established
brands.!® For each category, we focus on the top-selling product form and package size.
We then retain the top two to six brands based on purchase incidence. Horizontally-
differentiated brand variants are aggregated if their price correlation is high. Within each
category, we retain those households that satisfy minimal requirements for reporting, make
in-category purchases only at stores with complete price records for all brands in the choice
set, purchase at most one brand from the choice set each week, and make at least three in-
category purchases in the sample period. We define the outside option as a trip during
which none of the brands in the choice set is purchased.

After applying our screening criteria, we obtain panel data for the following 8 categories:
coffee, deodorant, mayonnaise, margarine, peanut butter, spaghetti sauce, tooth brushes,

and yogurt. Table 1 provides summary statistics of each of the 8 estimation samples.

category brands households trips purchases brands

coffee 5 870 139.7 8.7 MAXWELL Sm, FOLGERS Sm, FOLGERS Lg, PL Sm, MAXWELL Lg
deodorant 6 1143 1976 5.1 MENNEN, OLDSPICE, DOVE, DEGREE, RIGHT, SECRET
mayonnaise 3 2109 173 7 HELLMANNS, PL, KRAFT

margarine 4 1241 166.5 11 SMARTBALANCE, ICBINB, SHEDDS, PROMISE

peanut butter 4 4143 170.1 8.9 SKIPPY, JIF, PL, PETERPAN

spaghetti sauce 4 1899 185 11.5 RAGU, PREGO, FRANCESCORINALDI, HUNTS

toothbrushes 2 505 2415 4.5 COLGATE, ORALB

yogurt 3 1457 168.4 13.3 YOPLAIT, DANNON, COLOMBO

This table summarizes the estimation samples drawn from the IRI Academic Dataset. The number of trips and
number of purchases are computed as cross-household means.

Table 1: Descriptive Statistics

5.2 Empirical Evidence of Brand Loyalty

We now discuss our empirical estimates of HBL using the nonparametric DPO framework
with the IRI data. The parameter of interest consists of the cross-time average share
of observed consumer choices that were driven by HBL for a given brand j: HBL; =
T ST HBL;(P), where HBL;, is defined in (3.6). We compare the unrestricted bounds
on HBL; to the restricted cases using instruments, behavioral restrictions and combinations
of the two. The estimated bounds and 95% confidence regions are constructed using the
procedure of Torgovitsky (2019) and Chernozhukov et al. (2015), respectively. Since the

MIV restriction using prices alone generates similar bounds to the fully unrestricted case,

18T ensure sufficient sample sizes, we also select categories in which the average household made 5
or more purchases in the sample period, except toothbrushes where the average was only 4 purchases.
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we omit MIV from our results.

To address the curse of dimensionality from having (J7/7*! . | X}y potential outcomes
paths when we condition on demand-shifters X,.; € X{.7, we focus primarily on the binary
choice between the top brand and a composite second choice comprising all other brands.'*
As a robustness check, we then report results for a trinomial DPO model (J = 3) that does
not condition on demand-shifters and consists of the top two brands in each category and a
third composite choice comprising all other brands.

Figure 1 and Table Bla report unconditional bounds for HBL; under the binomial
specification of the DPO. Figure 2 and Table B1b report the analogous #B.L; bounds under
the trinomial formulation. These specifications already demonstrate the identifying role of
behavioral restrictions. In four of our categories, the ST restriction generates lower bounds
on HBL that are significantly larger than 0. When we additionally impose MTS, the upper
bounds on HBL decline considerably, sometimes below 50%.

To impose the IV restriction, we need to condition on price and/or in-store marketing
variables. When we combine IV with behavioral restrictions, we also need to adapt the ST
restriction to ensure stationarity is not imposed on the data-generating process for prices
or marketing variables. Conditioning on prices also reduces the concern that our HBL
evidence is spuriously identified by non-stationarity in omitted demand shifting variables.
We exclude the MTR restriction in the results below as it typically generated an empty
identified set.

Figure 3 plots the bounds and confidence intervals for the binomial HBL; with the
IV restriction and the combination of the IV restriction and behavioral restrictions. See
Table B2a in the Appendix for the complete set of estimated values. Using the lagged price
vector as an IV restriction, the lower bounds on HBL are significantly larger than O in
every category. In five of the categories, we find that HBL drives at least 15% of the choice
behavior. Combining IV with the behavioral restrictions has a negligible impact on the
lower bounds. But, the addition of behavioral restrictions, especially MTS, is informative,
with HBL driving at most 62.7% of the choices in 6 of the categories. This finding is
striking since many empirical applications assume a homogeneous loyalty (or “switching
cost”) parameter across consumers, which would likely overstate the extent of HBL in

consumer behavior. Table B3a confirms that we obtain qualitatively similar results when

To reduce computational dimensionality further, we follow Torgovitsky (2019)’s suggestion to
construct shorter, overlapping DPO models. We also only use the final six observed purchases for
each household (T = 5).
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we instead use the vector of in-store display indicators as the excluded instrument.

Combining the IV, ST and MTS restrictions generates bounds indicating that at least
10.8% but no more than 72.2% of the consumers exhibit HBL across each of the product
categories. These findings suggest that for many consumers, the psychological switching
costs typically associated with HBL are the main driver of their choice behavior. These
results have important economic implications for the market structure of CPG categories.
A large body of work has studied how such switching costs can moderate the toughness
of price competition (Farrell and Klemperer, 2007). In similar CPG categories as the
ones used herein, such switching costs have been found to toughen price competition as
firms’ incentives to poach customers overwhelms their incentive to harvest current loyal
consumers (Dubé et al., 2009b), leading to lower equilibrium prices.

In the data, the majority of observed purchases come from repeat buyers, ranging from
73.49% to 91.01% of observed purchases. Figure 4 decomposes the share of observed
purchase persistence that is due to HBL by plotting bounds and confidence intervals conditional
on the subpopulation of current repeat-buyers of the most popular brand, HBL;|Y; = j and Y;_; = j.
See Table B2b in the Appendix for the complete set of estimated values. For all categories,
at least 10.5% of the choice-persistence for the top-selling brand (i.e., repeat purchases) is
due to HBL; although we cannot rule out that the lower bounds are as low as 4.0%, 5.0%
and 8.0% for peanut butter, spaghetti sauce, and yogurt categories, respectively, at the 5%
significance level. Table B3b confirms that we obtain qualitatively similar results when we
instead use the vector of in-store display indicators as the excluded instrument. From an
economic perspective, a non-trivial proportion of a firm’s retained customers appears to be
due to HBL, as opposed to a persistent taste for the branded good. In the next section,
we provide additional supporting evidence for the interpretation of this structural state-
dependence as HBL by ruling out alternative mechanisms.

Table B4 in the Appendix summarizes the results of our tests of the IV and behavioral
restrictions for the top brand. We fail to reject Manski and Pepper (2000)’s joint restriction
of MTS and MTR in equation (3.17) across all 31 brands and 8 categories (although we only
report the top brand in Table B4). Using Chernozhukov et al. (2015)’s test for a non-empty
identified set, we mostly fail to reject each of the restrictions alone and in combination.
An exception is the toothbrush category where we reject all but the IV restriction on
its own. While failing to reject MTS is not conclusive evidence of this restriction, it is
straightforward to show that MTS holds for the parametric DDC demand specification

estimated for each of the IRI categories (results available upon request).
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This figure presents HBL bounds and confidence intervals for the binary DPO under various sets of identifying
restrictions using the IRI academic data. No marketing covariates are included in the binary DPO model. The
bounds correspond to the share of the consumer population in each category who exhibit HBL for the top brand.
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Figure 1: Binary DPO unconditional bounds on HBL.
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This figure presents H5L bounds and confidence intervals for the trinomial DPO under various sets of identifying
restrictions using the IRI academic data. No marketing covariates are included in the trinomial DPO model. The
bounds correspond to the share of the consumer population in each category who exhibit HBL for the focal brand.

Figure 2: Trinomial DPO unconditional bounds on HBL.
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This figure presents H3L bounds and confidence intervals for the binary DPO under various sets of identifying

restrictions using the IRI academic data. The restrictions are adapted to be conditional on realizations of the

current prices of the top brand and that of its leading competitor. See appendix B.2.3 for details. The bounds
correspond to the share of the consumer population in each category who exhibit HBL for the top brand.

Figure 3: Binary DPO bounds on HBL conditional on prices.
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This figure presents HBL|Y: = j, Y(;_1) = j bounds and confidence intervals for the binary DPO under various sets

of identifying restrictions using the IRI academic data. The restrictions are adapted to be conditional on realizations

of the current prices of the top brand and that of its leading competitor. See appendix B.2.3 for details. The bounds

correspond to the share of current repeat-buyers of the top brand in each category who exhibit HBL for the top
brand.

Figure 4: Binary DPO bounds on HBL conditional on prices for repeat-purchasers
of the top brand.
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5.3 Testing HBL Mechanisms

We now provide more evidence for the structural interpretation of the state dependence as
HBL - psychological switching costs — as opposed to learning (Osborne, 2009; Dubé et al.,
2010) or search costs Dubé et al. (2010). We have already ruled out consumer learning
since the evidence for HBL under the ST restriction explicitly rules out mechanisms which,
like consumer learning, imply non-stationarity in the potential outcomes. While we cannot
explicitly test ST, we typically fail to reject ST in our tests in section 5.2. Further, ST
conditional on demand-shifting variables like prices is a commonly-used restriction in
empirical papers using the parametric DDC or myopic choice model.

We also rule out search costs for the price of a previously-chosen item as the causal
mechanism. In-store promotional displays for competing brands should eliminate their
corresponding search costs and facilitate brand switching (e.g., Dubé et al., 2010). We
therefore re-compute the HBL bounds for the subset of repeat-buyers of the most popular
brand who are also exposed to a display for at least one other competing brand: HBL,|Y; =
Yi1 =7, Zk £ L pispiay,, > 0 where 1 pjspiay,, indicates whether brand £ is on display
during trip ¢. Table 2 presents bounds and confidence intervals. In six categories, HBL
for the most popular brand is bounded away from zero, suggesting that our evidence for
HBL is robust to this control for search costs. For coffee, deodorant, peanut butter, and
spaghetti sauce, we reject HBL = 0 at the 5% significance level even after conditioning

on competitor displays and at least 7.6% of the repeat purchases are still due to HBL.

5.4 Evidence of Forward-Looking Behavior

We now turn to the DDC specification and the empirical magnitude of consumers’ discount
factors, 8. For our empirical application, we follow the convention in the literature and

specify the transition process for the loyalty state ¢ as follows:

' ifY, ,=j5¢€J,
gt _ J t—1 J (51>
gt,1 if}/:‘,fl - O

To accommodate the stochastic timing of trips, we use the cross-household mean probability

of making a trip each week, 7. We modify our moments (4.3) as follows:

N o(s) 1y 0;(s’) — B (F(s)B: — Fu(s)Bn — F.(s)B. o _ 8 1
1 (UO(S)) ! (Jo(S’)) B (F;(s)B; — Fo(s)Bo — F;(s))B; + Fo(s')Bo) [ — 57FoBo]
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(1) (2)

Category Brand HBL;|Y, =Y,o1 =35 HBL|Yi=Yi1=j, ; Lisplay,t > 0
Coffee Maxwellg [0.214,0.855] [0.141,1.000]
[0.136,0.908] [0.125,1.000]
Deodorant Mennen [0.187,0.927] [0.076,1.000]
[0.053,1.000] [0.011,1.000]
Mayonnaise Hellmanns [0.098,0.839] [0.000,1.000]
[0.097,0.839] [0.000,1.000]
Margarine Smart Balance [0.129,0.652] [0.054,1.000]
[0.042,0.757] [0.000,1.000]
Peanut Butter  Skippy [0.144,0.734] [0.196,0.917]
[0.037,1.000] [0.038,0.987]
Spaghetti Sauce Ragu [0.183,0.590] [0.224,0.895]
[0.079,0.930] [0.080,1.000]
Toothbrush Colgate [0.055,1.000] [0.000,1.000]
[0.055,1.000] [0.000,1.000]
Yogurt Yoplait [0.230,0.779] [0.122,0.997]
[0.070,0.878] [0.000,1.000]

This table summarizes HBL;|Y; = j,Yi—1 = j?Zk;&j 1Displayy,; > 1 bounds and confidence intervals for the
binary DPO under ST(1)+MTS-+IV restriction using the IRI academic data. See appendix B.2.3 for details. The
bounds correspond to the share of repeat-purchasing consumers of the top-selling brand j who exhibit HBL for
j conditional on both j and at least one competitor brand being on display. We report HBL;|Y; = j5,Yi—1 =]
bounds as a benchmark.

Table 2: Binary DPO HBL for Current Repeat Buyers with Competitor Displays

where B; = [I — 3 (1 — ) F;]~". Finally, to control for time-invariant, unobserved heterogeneity,
we use the group fixed-effects approach of Bonhomme et al. (2022) (see Appendix B.4).
Although not reported herein, we find that the group fixed-effects and a Normal random
coefficients approach generate comparable estimates of unobserved heterogeneity.

We start with our semiparametric estimates of 5 using the minimum distance estimator
(4.6). Table 3 Columns (1) and (2) report the estimated population mean and standard
error, respectively, for each category. Since most consumers do not shop in all the eight
categories, it is difficult to interpret any heterogeneity in our estimates across categories
due to selection. With the exception of mayonnaise, all the point estimates are significantly
different from zero, implying that consumers are indeed forward-looking (i.e., we reject
myopic choice behavior). However, our point estimates range from as low as 0.36 to
very close to one. Given that we model a weekly choice, these results suggest that most
categories have very impatient consumers.?’ Comparable degrees of consumer impatience
have been documented in the extant literature (e.g., Frederick et al., 2002; Dubé et al.,
2014).

20A weekly discount factor of 8 = 0.9, for instance, implies an annual interest rate of 238%.
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(1) (2) (3) (4)
category Min. Dist. Min. Dist. (s.e.) DDC DDC (s.e.)

coffee 0.691 0.183 0.799 0.167
deodorant 0.588 0.158 0.981 0.077
mayonnaise 0.357 0.201 0.867 0.057
margarine 0.979 0.127 0.874 0.062
peanut butter 0.999 0.115 0.845 0.113
spaghetti sauce 0.982 0.099 0.888 0.077
toothbrushes 0.542 0.234 0.671 0.238
yogurt 0.956 0.129 0.380 0.127

This table summarizes the discount factor estimates using the IRI academic data. “Min. Dist.”indicates the
semiparametric, minimum distance estimator. “DDC” indicates the dynamic discrete-choice model estimates. All
specifications use the “group fixed-effects” approach to control for unobserved heterogeneity. Parameter values
represent the population mean discount factor. Standard errors are computed via bootstrap.

Table 3: The Discount Factor (3

We now turn to the parametric estimates from the DDC model. In practice, a parametric
model would need to be estimated to conduct counterfactuals. Of interest is whether our
parametric discount factor estimates agree with the semi-parametric estimates. For the

empirical application, we assume:
u;(se) =5 — apje + My—jy, V€T

where (71....,7s, a, \) are parameters to be estimated. From Proposition 6, 3 is point-
identified for this specification. We use an MPEC implementation of the maximum likelihood
estimator. For details, see Appendix B.3. To control for unobserved heterogeneity, we
once again use the group fixed-effects approach of Bonhomme et al. (2022) discussed in
Appendix B .4.

Table 3 Columns (3) and (4) report the discount factor estimates from the DDC. All of
our point estimates of [ are statistically significant. Once again, we see a wide range of
values, implying a fair amount of consumer impatience. For three of the eight categories,
however, we reject the hypothesis that the minimum distance estimate and DDC estimate
of 3 are equal (deodorant, mayonnaise, and yogurt).?! It is possible that the parametric
flow utilities are mis-specified in these categories.

We report the full set of taste coefficient estimates for the myopic random utility model

and DDC specifications, respectively, in Tables B5 to B12 in Appendix B.7. We also

gMD _gDDC

2 2 (
Vseuptsehpe

21'We test this hypothesis using the z-statistic: Clogg et al., 1995)
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compare specifications with versus without controls for unobserved heterogeneity (via
group fixed-effects). As in the extant literature, the magnitude of the mean loyalty coefficient
declines substantially in most categories once we control for unobserved heterogeneity. We
nevertheless find economically significant coefficient estimates for brand loyalty, A\, even
after controlling for unobserved heterogeneity. In six of the eight categories, the expected,
dollar-denominated loyalty premium, —g, is over $0.6 . Surprisingly, we find almost
no correlation between the estimated discount factor, 3, and the other taste coefficients.
Consequently, the taste coefficients for the myopic and dynamic models are similar in
magnitude for most of the categories. Only the loyalty coefficient appears to change in
some categories once we allow for forward-looking.

To compare our parametric results herein to the nonparametric results from section 5.2,

we compute the parametric analog of the statistic HBL, as in (3.6):
HBL; =P.[3k # j € J s.t. j = argmax{v;(p, j)+e€n}, and j # argmax{vy(ps, k)+e€u }, Vi, t].
leg leg

See Appendix B.5 for details. Recall that HBL measures the propensity of consumers
whose observed choice behavior is driven by loyalty, which is different from merely looking
at the loyalty coefficient in a random utility model. For instance, someone with positive
loyalty, A > 0, may still not satisfy HBL if they also have very strong brand tastes, ;.
Figure 5 plots the estimated HBL bounds using the DPO and HBL point estimates
using the DDC for the top-selling brand in each category.??> See Table B13 in Appendix
B.7 for the DDC point estimate values. When we assume homogeneous coefficients, both
the DDC and myopic specifications generate HBL point estimates that lie well above the
DPO’s upper bounds in every category. In contrast, with the exception of toothbrushes,
our DDC point estimates always lie within the DPO’s empirical bounds, suggesting that
the DDC’s additional parametric assumptions are not inconsistent with the nonparametric
evidence. We also look at a hybrid case of the myopic choice model that allows for
heterogeneity on the price and brand coefficients but imposes homogeneity on the loyalty
coefficient. For two categories, toothbrushes and margarine, the point estimates for HB.L
lie outside the DPO’s bounds. Otherwise, the point estimates are quite close to those
obtained when loyalty is also assumed to have heterogeneity. These results suggest that
brand tastes and price sensitivity may in fact be driving most of the heterogeneity, leading to

more reasonable HBL estimates (relative to the nonparametric DPO bounds) than specifications

22Qur results are qualitatively similar if we use HBL bounds under the IV restrictions.
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This table compares the HBL estimates using the nonparametric DPO and parametric DDC models estimated
using the samples drawn from the IRI academic data. DPO imposes the restrictions ST(1), MTS and MTR.

Figure 5: HBL for most popular brand in each category using the DPO and DDC.

that do not allow for coefficient heterogeneity.

In sum, we find strong evidence for forward-looking consumer behavior across product
categories, which is entirely consistent with the nonparametric HBL evidence using the
DPO framework. However, consumers appear to be more myopic than would be implied
by calibrating a discount factor using the real rate of interest. We explore the implications
of this behavior in the next section.

6 Elasticities and Competitiveness

To assess the implications of consumer forward-looking behavior for the competitiveness of
the market, we compare the short-run and long-run elasticity of demand. For each category,
we simulate the long-term effect of a 10% increase in the price of the top-share brand
in each state. We then compute the corresponding expected elasticities in equilibrium,
using the steady-state probabilities of each state. For the short-run elasticities, we use the
parameter estimates from the myopic discrete-choice model with 3 = 0. For the long-run
elasticities, we use the DDC estimates, which allow 3 to vary freely in [0, 1]. See Appendix
B.6 for the technical details regarding the elasticity simulation.

We report the results in Tables B14 to B21 in Appendix B.6. Even though the taste

coefficients are fairly similar in the myopic discrete-choice model and DDC specifications,
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we nevertheless observe striking differences in the elasticities. With a few small exceptions,
the long-run elasticities are all considerably larger in magnitude than the short-run elasticities,
indicating that consumer demand is much more price-sensitive when consumers plan their
future brand habits. The difference between the long-run and short-run own-price elasticities
vary from close to 0, in mayonnaise, to 24.9%, in margarine. However, turning to the cross-
price elasticities between brands, the long-run values are often hundreds or even thousands
of percent higher than the short-run values. Intuitively, if consumers plan their future brand
habits, then the "cost" of being loyal to the "wrong" brand is higher, making consumers
more sensitive to permanent price changes. Given the similarities in the price coefficients
and the fact that loyalty is unchanged by non-purchase, we see very small (typically less
than 1%) differences in the effect on the outside good.

In sum, the myopic model appears to under-estimate the price-sensitivity of demand in
response to permanent price changes. In particular, the myopic model drastically under-

estimates the substitution between brands in the long term.

7 Conclusions

We have documented nonparametric evidence of habitual brand loyalty across several
consumer goods product categories whereby a consumer’s past brand choices have a causal
effect on her current choice, similar to a “switching cost.” We rule out alternative explanations

for state dependence, such as learning and search costs. We have also documented semiparametric
evidence that consumers make forward-looking purchase decisions that assign weight to

their expected future loyalty habits. However, consumers appear to be more impatient

than would be implied by the real rate of interest. Finally, using a parametric dynamic
discrete-choice model of demand, we show that the long-run price elasticities of demand

are considerably larger than would be implied by a myopic model with the deterministic
restriction 5 = 0. In sum, the combination of habitual brand loyalty and forward-looking

behavior likely have a material impact on demand, competition and market prices.
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A Appendix

A.1 Proofs of the DPO Model

Proof of Proposition 1: Define U;;(—j) = (Uy(1), ..., Uu(j—1), Ui (j+1), ..., U (J)),
U‘ (—jk) = (Uu(1),....Uu(j — 1), U (j + 1),...,, Up(k — 1), Uy (k + 1), ..., Uy(J)) and
=Jk\ {j,. Ljpforke1,2,.... J. If P € P*, we can decompose HLBj; from (3.6)
e

HLBj: =PplYi-1) = j, Y = j. U(—j) € A] |+ Pp[Yiu-1) # 5, Un(j) = J, Un(—j) € A} ']
(A1)

since the event {Y;;_1) = j, U (j) = j} occurs if and only if {Y;_1) = j, Yie = j}.
When | 7| > 3, we can rewrite (A.1) by decomposing Y;; as follows

HBL :]PP[Y;(t—l) =5, Yy =7, Uu(—j) € A}],l]

+ Z]PP[Yz‘(tA) =1,Y3 = J,Un(j) = 5, Un(—Jjl) € A}']_Q]
#j

+ZPP -1 = LY # 5, Un(j) = J, Un(—4l) € J77.
I#j

Since we only impose the following restrictions for all [ # j,

0< ]PP[Yz‘(t—l) = j7 Y;t = j, Uit(k) = k] < ]P[Y;(t—l) = j7 Y;t = ]]
0 < Pp[Yiu-ry = 1, Ys = 5, Uu(j) = j, U(—jl) € A]7?] < P[Yi-1y = 1, Yie = J]
0 < IPP[Yz l7)/;t 7é ]7 Zt(.]) - ju Uzt(_]l) S jJ_2] S IP[Yz t—1) — l7)/;t 7é ]]

we can find a P € P* that attains all upper bounds and one that attains all lower bounds.
Therefore, ©* = [0, P[Yiy—1) = J, Vs # j] + P[Yip-1) # J]l.
For | J| = 2, we need a small modification. Let £k = 7 \ j and simplify #5L;; to be
HBﬁjt :PPD/Z'(tfl) = ja Y;'t = ja Uit<k) = k] + ]PP[Y;‘(tfl) = k,Y;'t = k, Uit(j) = ]]

Observational equivalence requires that

0< ]PP[YVi(tfl) = jaYz‘t = j) Uit(k> = k] < ]P[Yri(tfl) = j7 Yz‘t = J]
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0< 113P[Yi(t—l) = k7Y;t = k?, Uit(j) - J] < P[Yi(t—l) = k?,Yz‘t = k’]

We can find a P € P* that attains all upper bounds and one that attains all lower bounds.
Therefore, we have ©* = [0, P[Y;4_1) = J, Y = j] + P[Yig—1) = k, Y = K]]. O

Proof of Proposition 2: For every ¢,t' > r + 1, and candidate r-period potential
outcomes path g = (po(1), ..., pio(J), ooy (1), ooy i (J)) € {1, ..., J}/OHD,

Pp [Uig—r (1) = po(1), .., Ui(J) = pr(J)]

H T pr—p4r(k) = argmax{’uj(wﬁ k) + e HdF x (xi—y, ..., )AF (€4, ..., €)

t
T=t—r k=1 J
t

J
H Lppr—pryr (k) = argmax{v;(Z,, k) + € }|dF x (xp_p, ..., 2 )dF e (€p_p, ..., €1)

-1 J

[Ul (1) = po(1), ... Uw(J) = p(J)] O

Proof of Proposition 3: It’s straightforward to show that

Pp[Us(y) = J, Yig-1) = j|Y;(t—2) =g > PplUn(y) = j|Yz’(t—2) =7 ']PP[Ui(t—l)(g) = j|Yz‘(t—2) = 7).
is a sufficient condition for Assumption MTS. Therefore, Assumption MTS is satisfied if

P[argglaX{vk(Pt, Y) + €w} =7, afgglax{vk(pt—h ¥) + ex-1)} = jlYie—2) = 7]

> ]P[arginax{vk(pt, y) +ene ) = jYig—2) = 9] - ]P[afginax{vk(l)t—l, 7) + exp—1)} = J|Yie—2) = 7]
(A.2)

Denoting (€, p,y) = €;; — max,{vi(p,y) — v;(P, y) + €kt }, We can rewrite (A.2) as

P[Q(eta Pq, y) Z Oa Q(et—la Pi-1, g) Z O|Y;'(t—2) = g]
> P[Q(e&, pr,y) = 0[Yi—2) = 9] - P[Q(€-1,Pr-1,9) = 0[Yi—2) = 7). (A.3)

We can re-write the LHS of (A.3) as E [0;(ps, y) - 0j(Pt—1,§)|Yig—2) = §] since Y1) is
determined by Yjg, the history of €, and p, and €, is 7.7.d..
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If 0;(pt,y) and o (ps—1, ¥) have weakly positive covariance, (A.2) holds:

P[argznaX{vk(p, Y) + €wt = J, arginaX{vk(p, 7) + enp—1)} = JYi—2) = 7]
> Eyp, [O'j(pt,y)llé(t—z) = g] Ep,_, [Uj(Pt—h?MYi(t—Q) = ?)]
= ]P[arginax{vk(p, Y) + ene ) = jYig—2) - P[argglax{vk(p, 9) + exe—1} = J|Yip—2y = 9). O
Proof of Proposition 4: A sufficient condition for Assumption MTR is that
P|1[j = argrlnax{vl(pt,j) +ep}] > 1[j = argrlnax{vl(pt, k) +es}]| = 1. (A.4)

In the DDC model,

Ul(paj) - Ul(pa k) = ul(pvj) - ul<p7k)7 fOI'j,k,l € \7 (A5)

since prices are exogenous and loyalty evolves deterministically after a purchase.

If uj(p,j) — uj(p, k) > 0and w(p, j) — w(p, k) < 0,¥p € P, k,l € D\ {0,;}, then
exogenously switching loyalty state from k& to j weakly increases the choice-specific value
function of j and weakly decreases choice-specific value functions of all other alternatives.
Therefore, 1[j = argmax;{v,(ps, j) + en}] > 1[j = argmax,{v;(p;, k) + € }] holds. [

A.2 Proof of Proposition 6

Proof. For p € P, the moment corresponding to {(p, k), (p, )|k, ¢ # j} € S is

g oi@k) ) oi(p.0)

sop k) a(p,t) PP o
=8 [~o(pr k) + v(py, )]G (. [P)
preP
=8 [Inoj(py k) — Ino(p, O)IG(p.|p)
p-€P
_ naj(p17k) naj(pr7k) /
= #G(p) [1 oj(p1,€)’ ! 0;(PrL,,{)

where the first line follows from u;(p, k) = u;(p, ¢) and assumption (i), which implies
F;(p, k) = F;(p,{). Inverting (A.6) point identifies . O
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B Online Appendix

B.1 DDC and the exclusion restriction

Consider a consumer with budget y and preferences over its consumption g; > 0 of a set

of j € {1, ..., J} market goods and an essential numeraire, z with price p, = 1:

Ula,2) = U 4, 2)
JED
where «; > 0 is the constant marginal utility per unit of product j. Assume 7, = 0 and
po = 0. The perfect substitutes preferences over the market goods ensure that at most one
product will have an interior optimal quantity (discrete-choice). If the market goods also
have unit-inelastic demand, ¢; € 0,1, Vj € D, then the consumer purchases one unit of

the product with the highest choice-specific values
v = U7,y —p;), Vj € D.

The choice-specific value of a product j does not depend on any of the other prices, p_;.

B.2 Estimation and Statistical Inference

Our estimation and statistical inference closely follow the estimation and inference appendix
of Torgovitsky (2019). We explicitly write down the complete optimization problem, and
explain several important modifications based on Torgovitsky (2019). The modifications
include concatenating shorter DPO models to describe longer observed choice sequences,
and constructing identifying assumptions conditional on time-varying covariates. We explain
how to construct a consistent estimator of the HBL parameters, the confidence regions, as

well as a mis-specification for falsifying the model.

B.2.1 The complete optimization problem

The primitive object is a collection of probability mass functions P = { P, Z);]g[ L each of

which describes the joint distribution of

(Yitm Ui(t0+1)<0), ey Ui(to+ML)(‘]>>



The set of all potential outcome paths U is {1, ..., J}7*ML+1 and the set of all observed

choice sequences ) is {1, ..., J}ML+1

05, EmgnQ(P)

st. Py(p)el0,1]forall p el tye{0,...,T — ML}
> Py (p) =1forallty € {0,..,T — ML}
pneu

Observational equivalence Z Py (1) = P[Y;(0:00+01) = Y]

MEUveq
forally € Yandall ¢y € {0,...,T — ML}
ST() Pp, [Uip-1:0(1) = (1), ., Uig-1.y(J) = pa(J)]
= PPtO [Ui(t’—lzt’)(l) = pi(1), ..., Ui(t’—l:t’)(J> = p1(J)]
€ JIHML+1

I

for every py = (p1(1), .., pa(J))
every to+2 < t,t' <ty+ ML,
and all o € {0,...,T — ML}
MTS  Pp, [Uily) = jlYie-1) = J, Yig-2) = 9]
> Pp, [Uit(y) = jlYie—1) # J, Yie-2) = U]
for every ¢y € {0,...,T — ML},
forevery y,y € J,
and all t) + 2 < t < tg + ML such that P[Y;_1) = j|Yiu—2) = 9] € (0,1)
MTR IPPtO 3k # 5 Un(j) # J, Un(k) =j] =0
for every to € {0,..,7 — ML},
andevery <t <tqg+ ML
Coherency ]PPtD D/i(toJrl) = Yo, Ui(to+2:t0+ML) = ]
= PPt0+1[}/i(t0+l) = Yo, Uito+2:t0+ML) = 1]

for all (yo, u) € J+T/ML=D (B.1)

B.2.2 Combining Shorter Models

We face the curse of dimensionality problem since there are J/7*1) probabilities, each

associated with a potential outcomes path. Even after reducing the choice set to a trinomial
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problem (J = 3), we still face 3*>*1) i.e., over 43 million, potential outcome paths for
choice sequences of 7' = 5. We further address the dimensionality problem by constructing
shorter, overlapping models to describe longer observed choice sequences.

The solution starts from fixing a model length ML € {2,...,T}. We then construct a
DPO model for the observed sequence (Yj,, Yitto+1), -+ Yi(to+ M L)) for every initial period
to €{0,1,...,7 — M L}. The shorter, overlapping models P;, relate potential outcomes to
an observed choice sequence starting from initial period ¢, to the end period ¢ty + M L via
the recursive model (3.1). The identified set is a collection of shorter models P = { P, :
P, € 7920 %;ﬁ“, such that P, is a probability mass function, satisfies the identifying
assumptions, and rationalizes the (shorter) observed choice sequences, for every t, €
{0,...,T — ML}. The HBL parameter 6 is a function of the collection of shorter models
P.

We impose an additional Coherency restriction to ensure that two overlapping models,
for example, P,, and P, ., are logically consistent. More specifically, the coherency
condition states that when two overlapping models can both assign a probability to an
event, this probability must be the same regardless of which model it is generated from.
That is,

]];)PtO [}/;:(t()#»l) = y07 Ui(t0+2:t0+ML) = lJ’] = ]];)Pt0+1 [}/i(t0+1) = y07 Ui(t0+2:t0+ML) = l’l‘]
for all (yo, p) € J7*ME-DH

In Section 5.3, we implement the estimation with 7' = 5 and M L = 3 for all versions

of the DPO model except the binomial DPO, where no marketing covariates are included.

B.2.3 Incorporating Marketing Variables

We can re-define the 7 3.L parameter and the identifying assumptions conditional on marketing
variables. In addition to observing choice sequences Y; = (Yo, Yi1, ..., Yir), the researcher
also observes a vector X; = (X0, X1, ..., X;7) with support X'. The primitive of the DPO

model becomes a probability mass function P defined over the support of &/ x X, that is,

P:{P:UXX—NO,H s.t. Z P(u,w)zl}

peU,xeX



The observational equivalence condition is re-defined as

PlY;=y X;=z]= Y Plpx)

ME€Uoeq(y)

The ST, MTS, and MTR assumptions are adapted to be

]PP[Uz'(t—m:t)(l) - Hm(l)a ceey Ui(t—m:t)(J> - /J/m((])‘Xz(t—mt) - mm}
== ]PP[Ui(t’—m:t’)<1) = Nm(1>7 sy Ui(t’—m:t’)(J) = Hm(J)|Xi(t’—m:t’) = wm] (ST)

for every p,, € J’ (m+1) every x,, € X, where &, is the support of X (,.51.,), and every
t,t' >m+ 1.

PP[Uit(y> = j|Yz‘(t—1) = ju Y%(t—?) = ?], Xit =, Xz'(t—l) = 53]
> [Ui(y) = j|Yia-1) # J, Yie—2) = 9, Xir = &, Xijg—1) = ] (MTS)

forany y,y € J, any ¢, € X where &) is the support of X, and all ¢t > 2.
Pp[l{Us(j) = j} > WUy = j}|X; =x] =1 (MTR)

for any k # j, any x € X, and all ¢.
The C'oherency restrictions in Appendix B.2.2 are similarly adapted to be

]PPtO [Y;(to-i-l) = Yo, Ui(to+2:t0+ML) = K, Xi(t0+1:t0+ML) = 213]
= ]lz)Pt0+1 [}/;(to#»l) = y07 Ul'(t0+2:t0+ML) = l’l‘7 Xi(t0+1:t0+ML) = :B] (COherenCY)

forevery yo € J,u € JME 2 € Xyp_y, and ty € {0,...,T — ML}
The incorporation of marketing variables also facilitates the MIV restriction:
Pp[Ui(y) = jlXij = 21, Xi—jp = ®o] > Pp[U(y) = jl Xije = 21, Xi—jp = o]  (MIV)

for each y € J, each xy, every x; < ), every j € J and every ¢ > 1.

In Section 5.3, we implement three versions of the model: one that focuses on pricing by
conditioning on a price vector including "own price" and "price of largest-share competitor;"
another that focuses on promotions by conditioning on an in-store display vector including

either "own display" and "display of largest-share competitor", or "own display" and "whether



at least one competitor is on display." In particular, the version where we control for "own
display* and "whether at least one competitor is on display" is used to test search costs as
an alternative mechanism for the HBL evidence. To keep the dimensionality manageable
(4 support points for the marketing covariate in a single period), we discretize own and

competitor prices by using a median-split to define them as "high" versus "low."

B.2.4 The Criterion Function

Let W; = (Y}, X;) denote the observable data, the joint support of whichis W = supp(Y;, X;).
For each observable data w = (w,,w,) € W, define the observational equivalence

moment of w as

Moeqw = IL[E = Wy, Xz = wz] - Z P(”ﬁ ww)

MEUoeq(wy)

Next, we divide the restriction function p into a deterministic component p; : P —
R4 ~% and a stochastic component p, : P — R%. The division is determined by whether
the identifying restriction depend on the distribution of data W;. Since the stochastic
component p, depends on data, it is assumed to be representable as a moment condition,
i.e., assuming there exists a function m, : W x P — R% for which ps(P) = Em,(W;, P).

For example, our Assumption MTR and the Coherency restriction are deterministic
restrictions, i.e., they are a part of py, because they rules out certain potential outcomes
paths without depending on the observed distribution of the data. Assumption MTS is a
stochastic restriction, because the conditioning depends on the distribution of Yj;_1), Yi—2).
For assumption ST, it is a part of p; when there is no marketing covariates, and it is a part
of ps after we include marketing covariates in (B.2.3) as it now depends on the distribution
of X(4—m:r). Similarly, assumptions IV and MIV are part of p, because it depends on the
observed distribution of marketing covariates.

With such division, we can use the deterministic component p, to first restrict the set of

probability mass functions P, and then rewrite the identified set P* as

P* ={P € P! : EMgegus(Wi, P) =0 Yw e W
and Em, (W;,P) >0 Vs=1,...,d,}

where P! = {P € P : py(P) > 0}, and m,, ,(W;, P) is the sth component of m,(W;, P).



In other words, we restate the DPO model as a moment inequality model with parameter
space 77; (under deterministic restrictions), moment equalities { Emoeq (Wi, P) = 0}wew
(under observational equivalence restrictions), and moment inequalities {IEm,, ((W;, P) >
0 f;l (under stochastic restrictions).

We construct a population criterion function as

ds

QP =D [Emy (Wi, P) = 1| + > |[EMoeq(Wi, P)|

s=1 wew

where the first term corresponds to the moment inequalities under stochastic restrictions,
and the second term corresponds to moment equalities under observational equivalence.
We use a vector of non-negative slackness variables 1 € ]R‘f: to transform the moment
inequalities to moment equalities.

We can then construct a sample analogue of the criterion function (),

ds n n
Qn(Pa 77) = Z\/_ %Zmp,s<‘/‘/iap) — 7 + Z \/_ %Zmoeq,w<ufhp>
s=1 i=1

weWw i=1
B.2.5 Estimation

The estimation of the HBL parameter is done in two steps. In the first step, we find the set
of probability mass functions P, a high dimensional primitive, that are close to minimizing

the sample criterion function. We define the minimal sample criterion

Q, = min  Q.(P,n)
(Pm)EPI xR
and the set of P that are close enough, by a factor of 7,,, to minimizing the sample criterion
function
P, = {P e Pl Qu(Pn) <Qu(l+7,) forsomen e Ri“}

We choose 7,, = 0.8 because it performed well in recovering the true HBL in synthetic
choice panels generated by a DDC model estimated from the observed IRI data.
In the second step, we search among the probability mass functions in P,, to find the

upper and lower bounds of the HBL parameter, a low dimensional target parameter. We



define the estimator of upper and lower bounds of the HBL parameters as

él*b =minf(P,) = min ~ O(P) s.t.Qu(P,n) <Q.(1+7,) and
(P,r])G'P;X]RiS
05, =max0(P,) = max O(P) st Qu(P,n)<Qn(l+1,)
(Pn)eP)xRYs

We refer readers to Mogstad et al. (2018) for the consistency of the estimator.

B.2.6 Confidence Region

We construct confidence regions by test inversion, i.e., collecting all scalar values ¢, for
which we fail to reject the null hypothesis Hy : ¢ € ©* at some significance level . We
borrow the procedure for testing shape constraints proposed by Chernozhukov et al. (2015),
which is also implemented in Torgovitsky (2019), to operationalize the test.

We first define a test statistic for the null hypothesis Hy : t € O,

Qn(t) = inf Qn(P,n), (B.2)

(Pm)EP](t)x R

where Pl(t) = {P € Pl : §(P) = t}. The distribution of Q,,(t) is nonstandard, and is
approximated by the distribution of Q,,(t),

d n
- : 1
(t) = min > J(P)+ — Vm, (W;, P)lg] — h
Qn(?) By 2= ns(P) n; ps )[g]
* ]' .
+ > &P+ 5vaoeq,w(VVi,P>[g]
wew =1
s.t. (P,n) € Pi(t) x R%,
1
(P,n) + —=(g, h) € Pi(t) x R%, and

Jn
Qn(P,n) < Qu(t)(1+ 1),

where

! Zz"; [M,s(W, P) =y o(P)], naw = % ,271; [Mocqw (W}, P) = Moeq(P)]

gn,s = % —



is derived from a bootstrapped sample { W}, drawn i.i.d. with replacement from the
observed sample {W;}7_,. Vm, (W, P)|g] and VMg, (Wi, P)|g] denote the directional
derivative of m,, s and M., With respect to P, evaluated at P, in the direction g. The
first constraint requires that (P, 7) is in the parameter space under the null hypothesis.
The second constraint requires that (g, h) are small deviations of (P,n) that remain in
the parameter space under the null hypothesis. The third constraint requires that (P, 7)
approximately solve the test statistic (B.2).

We approximate the distribution of Q,,(¢) by the distribution of Q,,(t), which is further
approximated by redrawing bootstrap samples { W *}_; a large number of times and computing
Q. (t) for each draw. If Q,(t) is greater than the 1 — o quantile of the bootstrapped
distribution of Qn(t), we reject the null that ¢ is in the identified set. A 1 — « confidence
region of ©* is the set of all ¢ at which we do not reject the null test.

We implemented the test procedure with 30 bootstrapped samples and 7,, = 0.8. We
pick values of ¢ by triangulation. For example, at the lower bound, we start from testing at
t1 = (0+63) /2. If we reject the null hypothesis at ¢, i.e., ¢; is not in the identified set, we
proceed to the next testing point t, = (t;+63,)/2. If we then fail to reject ¢,, we move to the
third testing point 3 = (¢; + t3)/2. The triangulation stops when the distance between left
and right end of the triangulated interval, e.g., t; — ¢, is less than some tolerance threshold.

The upper bound of the confidence region is constructed in a similar manner.

B.2.7 Mis-specification Tests

We use the same test statistic Q,, as in equation (B.2), except that we replace P;(t) with
le. We reject the null hypothesis that I, : P* = ) if Q,, is greater than the 1 — o quantile

of the simulated distribution of Qn

B.3 MPEC Estimator for DDC

Let: =1, ..., N index the observed trips. From the empirical DDC model in section 5.4, a

consumer’s choice-specific values are:

v; (8:0,8) = v; — ap; + Mly=jy + f7F;(s)B; (8) In {Z exp (Vk)}

keD



where 6 = (71,...,7, @, \) is the vector of taste parameters, 5 € [0,1) is the discount

factor, F; is the L x L state transition matrix conditional on current choice j and B, () =

[I—B(1—n)F,;] "isan (L x L) matrix. Let T’ = (3, 0) denote all the structural parameters.
Let v = (vj1,vj2, ...., vs41,1,) denote the choice-specific values in each of the L states.

We can now define an MPEC estimator:

N J
0" = argmaxzz (YijIn (0 (ps, £5;0,v)))

e=(v) =1 j—o

subject to the constraints

Gjs (©) = vjs —u(s;T') — prF;(s)B,;(5) In { > exp (Vk)} ,VjeD,VseS

keD
where
U‘(p- (.- 0 V) _ exXp (Uj (pi,Ei;9)+vjsi — U, (Sf“@))
3 \Pis Ly U, > exp (ug (pi, i3 0) + Uks, — U, (55 6))
keD
and

ui(p,€;0) = v — ap; + M—j;.

We use automatic differentiation to compute the gradient of the objective function.??

To improve speed, we derive the constraint Jacobian in closed form:

%ﬁ(@) — —7F;(s)B;(8)In { S exp (vk)} — BrF;(s)B;(8)(1 — 7)F;(s)B;(8) In { S exp (vk)}

keD keD
0G;5(©
( 59,5 = —Lsjk
20— 1~ BrF i (s)B;(B)oss, Vi€ D, Vs € S
8?;;;(3/9) — —BWFjS/(S)Bj(ﬁ)O'nS/’VjE 'D,Vn c ij,Vs,s’ c S

where 05 = 0;(s;0,v) and V3B, (5) = B; () (1 — ) Fj (s) B; (B) .

B.4 Group Fixed-Effects and Unobserved Heterogeneity

We use Bonhomme et al. (2022)’s grouped fixed effects (GFE) approach to control for
persistent, unobserved heterogeneity in consumer tastes. We assume (1) unobserved heterogeneity

has a low underlying dimension, and (2) researchers have individual-specific moments that

23We use the Deep Learning Toolbox in Matlab to obtain exact derivatives.



are injective functions of the heterogeneity.

Let consumers be indexed by h = 1,..., H. We use a vector of individual-specific
moments wy, for the classification step. The moments consist of a household’s income,
propensity to purchase each of the available brands conditional on purchase, total number
of observed purchases and total number of runs (i.e., repeat-purchase strings for the same
brand). The choice of moments is important, as the injectivity assumption requires that one
can separate the types of individuals just by using their moments wj, and wy,/: individuals
with the same population moments have the same “type.” From Berry et al. (2013), we
know that our discrete-choice model with absolutely-continuous random utility shocks is
invertible. So our propensity moments will be injective. However, it is less clear whether
our runs moments will also satisfy injectivity.

We use a variable-neighborhood search for the k-means clustering algorithm to classify
each consumer into groups. We use the variable-neighborhood search heuristic to overcome
the local optimum from the use of Lloyd’s algorithm.?* Given our moderate-sized cross-
section, we use K = 6 groups. Standard errors are calculated by block-bootstrapping
consumers and re-running the variable-neighborhood-kmeans clustering. Comparing the
GFE approach to standard random coefficients models using the same IRI data generate

strikingly similar results, which are available upon request.

B.5 Computing the HBL statistic under the DDC

To simulate choices in each observed state, we first use the DDC estimates to compute
the predicted choice-specific values at each observed state, s;; where ¢ = 1,..., N and
t=1,....,T: {0q(si) }iep- We then simulate random utilities €;, for each choice alternative

[ € J, consumer 7 and time period ¢. We then approximate HBL; as follows:

HBL; =P 3k # j € T s.t. j = argmax{v;(p:,j) + €}, and j # argmax{vy(ps, k) + €}, Vi, t]
leg leg

N T R
1

~ NTR 1 {j = arg max{va(py, j) + eiy}, and j # arg max{vi(py, k) + €}, Vi, t

i=1 t=1 r=1

(B.3)

We set R = 10, 000.

24We use Matlab’s kmeans function to initialize the search.
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B.6 Computing the Long-Run Elasticity of Demand

The factual expected choice probabilities in equilibrium are ITo (p, ¢), where o (p, ¢) is the
(L x J + 1) matrix of choice probabilities in each of the L states and IT is the (1 x L) row-
vector of equilibrium probabilities of being in each state. We then create a counterfactual
set of L states which are identical to (p, ¢) except for the modification for product k: p, =
1.1pg,. The corresponding counter-factual expected choice probabilities in equilibrium are
o (P, ¢) where IT is the vector of counter-factual equilibrium probabilities of being in
each state. The long-run elasticity of demand is:

o (p,0)TI—o(p,O)II

b oOI (B.4)

J 0.1

We compute the steady-state probabilities as follows. Let Q be the (R x .J) transition
matrix for prices. We compute the (1 x J) row-vector of steady-state price probabilities,
q = qQ, by taking the left eigenvector of Q corresponding to the eigenvalue 1. We then use
forward-simulation to find the steady-state probabilities II corresponding to the combined

state, (p, ¢),with transition matrix, F. We repeat the following steps » = 1, ..., R times:

1. Initialize prices by assuming they are in equilibrium and drawing p; € S using the
probabilities gq. Then simulate a sequence of prices of length 7', p” = (p}, ..., p}),

using the transition process Q.

2. Initialize the loyalty state by drawing {y€ J from uniform discrete distribution. Then
use the sequence of prices, p”, and the DDC to simulate a choice sequence of length

T and the corresponding sequence of loyalty states, £ = (¢7, ..., ().

We can then approximate the steady-state probabilities, I1, as follows:
R

1
HZZEZJL[STTZSZ],VZES. (B.5)

r=1

We use R = 3000 and 7" = 200. Results for the CPG categories are displayed in tables
B14 to B21.

B.7 Additional Tables
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1) ) 3)
Category Brand No assumptions ST(1)+MTR ST(1)+MTS+MTR
Coffee Maxwellg [0.000,0.735] [0.137,0.676] [0.137,0.233]
[0.000,0.747] [0.045,0.743] [0.039,0.308]
Deodorant Mennen [0.000,0.782] [0.107,0.736] [0.107,0.307]
[0.000,0.792] [0.000,0.784] [0.000,0.358]
Mayonnaise Hellmanns [0.000,0.864] [0.065,0.842] [0.065,0.386]
[0.000,0.871] [0.033,0.865] [0.033,0.429]
Margarine Smart Balance [0.000,0.910] [0.045,0.895] [0.045,0.485]
[0.000,0.920] [0.000,0.917] [0.000,0.560]
Peanut Butter  Skippy [0.000,0.749] [0.081,0.725] [0.081,0.261]
[0.000,0.757] [0.064,0.745] [0.064,0.288]
Spaghetti Sauce Ragu [0.000,0.761] [0.034,0.743] [0.034,0.324]
[0.000,0.771] [0.000,0.759] [0.000,0.362]
Toothbrush Colgate [0.000,0.791] [0.162,0.734] [0.162,0.242]
[0.000,0.814] [0.000,0.810] [0.000,0.382]
Yogurt Yoplait [0.000,0.798]  [0.048,0.780] [0.048,0.373]
[0.000,0.806] 0.000,0.803] [0.000,0.411]
(a) HBL - Binomial DPO
1) ) 3)
Category Brand No assumptions ST(1)+MTR ST(1)+MTS+MTR
Coffee Maxwellg [0.000,0.866]  [0.070,0.817] [0.070,0.395]
[0.000,0.870] [0.029,0.849)] [0.029,0.489]
Deodorant Mennen [0.000,0.888] [0.071,0.848] [0.071,0.513]
[0.000,0.893] [0.000,0.888] [0.000,0.617]
Mayonnaise Hellmanns 0.000,0.933]  [0.043,0.919] [0.042,0.579]
[0.000,0.936] [0.022,0.935] [0.023,0.671]
Margarine Smart Balance 0.000,0.957]  [0.037,0.929] [0.037,0.574]
[0.000,0.961] [0.000,0.947] [0.000,0.706]
Peanut Butter  Skippy [0.000,0.877]  [0.056,0.858] [0.056,0.485]
[0.000,0.879] [0.046,0.872] [0.046,0.535]
Spaghetti Sauce Ragu 0.000,0.881]  [0.029,0.858] [0.029,0.493]
[0.000,0.886] 0.000,0.876] [0.000,0.536]
Toothbrush Colgate [0.000,0.791] [0.162,0.734] [0.162,0.242]
[0.000,0.816] [0.052,0.809)] [0.053,0.423]
Yogurt Yoplait 0.000,0.903]  [0.038,0.876] [0.038,0.526]
[0.000,0.906] [0.000,0.895] [0.000,0.603]

(b) HBL - Multinomial DPO

This table summarizes the bounds on HBL using the estimation samples drawn from the IRI academic data.
We report bounds for the cross-time average value of HBL; where j is the top-selling brand in each category.
Estimated bounds and 95% confidence regions are reported in large and small fonts, respectively. Estimation
of panel (a) is based on the unconditional binomial DPO model with J = 2 and T' = 5. Estimation on panel
(b) is based on the unconditional trinomial DPO model with J = 3 (except for the toothbrush category where
J = 2) and T = 5 using the dimension-reduction technique in Appendix B.2.2. In the binomial DPO model,
the choice sets consist of the top-selling brand and a composite brand representing all other choice alternatives,
while in the trinomial DPO model, the choice sets consist of each of the top-two selling brands and a composite
brand representing all other choice alternatives. The 95% confidence regions are constructed using the method
described in Appendix B.2.6, implemented using 30 bootstrap draws and a tuning parameter of m, = 0.8.

Table B1: Habitual Brand Loyalty in IRI Data
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) o) ) ) )
Category Brand No assumptions v ST(1) ST(1)+MTS ST(1)+MTS+IV
Coffee Maxwellg 0.000,0.735]  [0.119,0.530] [0.094,0.678] [0.057,0.444]  [0.132,0.489]
[0.000,0.745] [0.084,0.567]  [0.000,0.737]  [0.000,0.456] [0.088,0.489]
Deodorant Mennen [0.000,0.782]  [0.192,0.625] [0.144,0.742] [0.113,0.531]  [0.179,0.542]
[0.000,0.794] [0.009,0.653]  [0.098,0.790]  [0.109,0.531] [0.143,0.542]
Mayonnaise Hellmanns 0.000,0.864]  [0.150,0.758] [0.091,0.827] [0.076,0.458]  [0.188,0.627]
[0.000,0.871] [0.112,0.788]  [0.002,0.868]  [0.002,0.511] [0.187,0.627]
Margarine Smart Balance 0.000,0910]  [0.310,0.872] [0.125,0.887] [0.091,0.540]  [0.251,0.716]
[0.000,0.920] [0.103,0917]  [0.000,0.916]  [0.000,0.604] [0.213,0.717]
Peanut Butter  Skippy 0.000,0.749]  [0.098,0.650] [0.044,0.717] [0.035,0.414]  [0.209,0.414]
[0.000,0.755] [0.023,0.701]  [0.002,0.749]  [0.002,0.472] [0.161,0.711]
Spaghetti Sauce Ragu [0.000,0.761] [0.097,0.664] [0.139,0.669] [0.126,0.336] [0.182,0.325]
[0.000,0.771] [0.040,0.707]  [0.026,0.766]  [0.025,0.439] [0.068,0.409]
Toothbrush Colgate [0.000,0.791| [0.199,0.672] [0.073,0.764] [0.036,0.743] [0.108,0.722]
[0.000,0.814] [0.193,0.690]  [0.073,0.801]  [0.036,0.797] [0.108,0.722]
Yogurt Yoplait 0.000,0.798]  [0.165,0.688] [0.148,0.738] [0.116,0.423]  [0.224,0.518]
[0.000,0.806] [0.076,0.737]  [0.042,0.800]  [0.043,0.478| [0.118,0.544]
(a) HBL
(1) (2) (3) (4) (5)
Category Brand No assumptions v ST(1) ST(1)+MTS ST(1)+MTS+IV
Coffee Maxwellg [0.000,1.000]  [0.155,0.877] [0.179,0.925] [0.103,0.838]  [0.122,0.883|
[0.000,1.000] [0.077,1.000] [0.000,1.000] [0.000,1.000] [0.118,0.884]
Deodorant Mennen [0.000,1.000]  [0.175,0.927] [0.215,0.951] [0.157,0.942]  [0.176,0.934]
[0.000,1.000] [0.046,1.000]  [0.055,1.000]  [0.054,1.000] [0.101,0.995]
Mayonnaise Hellmanns [0.000,1.000]  [0.098,0.885] [0.055,0.983] [0.046,0.514]  [0.105,0.729]
[0.000,1.000] [0.070,0.935]  [0.001,1.000]  [0.002,0.548] [0.105,0.730]
Margarine Smart Balance 0.000,1.000]  [0.310,0.968] [0.196,0.980] [0.124,0.656]  [0.259,0.907]
[0.000,1.000] [0.092,1.000]  [0.000,1.000]  [0.000,0.719] [0.214,1.000]
Peanut Butter  Skippy 0.000,1.000]  [0.134,0.892] [0.063.0.991] [0.050,0.770]  [0.183,0.704]
[0.000,1.000] [0.018,1.000]  [0.003,1.000]  [0.004,0.838] [0.040,0.918]
Spaghetti Sauce Ragu 0.000,1.000]  [0.098,0.937] [0.171,0.917] [0.162,0.576]  [0.188.,0.538]
[0.000,1.000] [0.025,1.000]  [0.036,1.000]  [0.036,0.796] [0.050,0.992]
Toothbrush Colgate [0.000,1.000]  [0.222,0.883] [0.059,0.980] [0.030,0.974]  [0.105,0.958|
[0.000,1.000] [0.198,0.980]  [0.058,1.000]  [0.029,1.000] [0.105,0.958]
Yogurt Yoplait [0.000,1.000]  [0.112,0.930] [0.185,0.956] [0.150,0.661]  [0.168,0.779]
[0.000,1.000] [0.044,1.000]  [0.049,1.000]  [0.051,0.763] [0.080,0.990]

(b) HBL Among Current Repeat Buyers

This table summarizes the bounds for the cross-time average value of HBL; in panel (a) and HBL;|Y;
j and Y;—1 = j in panel (b), where j is the top-selling brand in each category, using the estimation samples
drawn from the IRI academic data. Estimated bounds and 95% confidence regions are reported in large and
small fonts, respectively. Estimation is based on a binomial DPO model with marketing covariates, where J = 2,
T = 5 using the dimension-reduction technique in Appendix B.2.2. The choice sets consist of the top-selling
brand and a composite brand representing all other choice alternatives, and marketing covariates include the
prices of the focal brand and its largest competing brand. The IV assumption uses lagged price vector as the
excluded instrument. The 95% confidence regions are constructed using the method described in Appendix B.2.6,
implemented using 30 bootstrap draws and a tuning parameter of 7, = 0.8.

Table B2: Habitual Brand Loyalty in IRI Data - Binomial DPO
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) o) ) ) )
Category Brand No assumptions v ST(1) ST(1)+MTS ST(1)+MTS+IV
Coffee Maxwellg 0.000,0.735]  [0.133,0.507] [0.166,0.669] [0.093,0.454]  [0.138,0.486]
[0.000,0.744] [0.098,0.500]  [0.033,0.736]  [0.033,0.484] [0.137,0.486]
Deodorant Mennen 0.000,0.782]  [0.122,0.682] [0.094,0.748] [0.075,0.496]  [0.156,0.532]
[0.000,0.794] [0.026,0.743]  [0.000,0.789]  [0.000,0.561] [0.135,0.533]
Mayonnaise Hellmanns 0.000,0.864]  [0.154,0.799] [0.080,0.830] [0.074,0.523]  [0.191,0.683|
[0.000,0.871] [0.154,0.800]  [0.028,0.867]  [0.028,0.524] [0.191,0.683]
Margarine Smart Balance 0.000,0.910]  [0.306,0.847] [0.042,0.887] [0.037,0.550]  [0.348,0.560]
[0.000,0.918] [0.236,0.888]  [0.000,0.916]  [0.000,0.680] [0.209,0.594]
Peanut Butter  Skippy 0.000,0.749]  [0.075,0.614] [0.036,0.711] [0.028,0.404]  [0.157,0.373)|
[0.000,0.755] [0.010,0.642]  [0.000,0.748]  [0.000,0.458] [0.029,0.496]
Spaghetti Sauce Ragu [0.000,0.761]  [0.134,0.633] [0.095,0.712] [0.080,0.441]  [0.202,0.420]
[0.000,0.770] [0.064,0.664]  [0.013,0.762]  [0.013,0.499] [0.086,0.477]
Toothbrush Colgate 0.000,0.791]  [0.188,0.730] [0.107,0.741] [0.072,0.492]  [0.101,0.770]
[0.000,0.816] [0.187,0.730]  [0.000,0.797]  [0.000,0.554] [0.101,0.771]
Yogurt Yoplait 0.000,0.798]  [0.180,0.713] [0.058,0.770] [0.047,0.497]  [0.176,0.543)]
[0.000,0.806] [0.028,0.756]  [0.000,0.805]  [0.000,0.630] [0.108,0.552]
(a) HBL
(1) (2) (3) (4) (5)
Category Brand No assumptions v ST(1) ST(1)+MTS ST(1)+MTS+IV
Coffee Maxwellg [0.000,1.000]  [0.241,0.783] [0.321,0.879] [0.168,0.844]  [0.214,0.865)|
[0.000,1.000] [0.132,0.899]  [0.069,1.000]  [0.085,1.000] [0.214,0.865]
Deodorant Mennen [0.000,1.000]  [0.110,0.991] [0.146,0.969] [0.118,0.802]  [0.121,0.961]
[0.000,1.000] [0.009,1.000]  [0.000,1.000]  [0.000,1.000] [0.043,1.000]
Mayonnaise Hellmanns [0.000,1.000]  [0.083,0.953] [0.056,0.990] [0.051,0.612]  [0.116,0.799)]
[0.000,1.000] [0.083,0.996  [0.020,1.000]  [0.021,0.612] [0.115,0.800]
Margarine Smart Balance 0.000,1.000]  [0.087,0.866] [0.043,0.980] [0.040,0.634]  [0.200,0.638]
[0.000,1.000] [0.015,1.000]  [0.000,1.000]  [0.000,0.765] [0.044,0.759)]
Peanut Butter  Skippy [0.000,1.000]  [0.107,0.940] [0.057,0.987] [0.046,0.768]  [0.200,0.773|
[0.000,1.000] [0.016,1.000]  [0.000,1.000]  [0.000,0.877] [0.016,0.995]
Spaghetti Sauce Ragu [0.000,1.000] [0.211,0.854] [0.090,0.978] [0.076,0.689] [0.277,0.702]
[0.000,1.000] [0.110,0.933]  [0.014,1.000]  [0.014,0.733] [0.090,0.873]
Toothbrush Colgate [0.000,1.000]  [0.216,0.993] [0.079,0.986] [0.055,0.500]  [0.055,1.000]
[0.000,1.000] [0.216,1.000]  [0.000,1.000]  [0.000,0.665] [0.055,1.000]
Yogurt Yoplait [0.000,1.000]  [0.154,0.937] [0.071,0.978] [0.058,0.719]  [0.167,0.819)]
[0.000,1.000] [0.006,1.000]  [0.000,1.000]  [0.000,0.868] [0.093,0.849]

(b) HBL Among Current Repeat Buyers

This table summarizes the bounds for the cross-time average value of HBL; in panel (a) and HBL;|Y; =
j and Y;—1 = j in panel (b), where j is the top-selling brand in each category, using the estimation samples
drawn from the IRI academic data. Estimated bounds and 95% confidence regions are reported in large and
small fonts, respectively. Estimation is based on a binomial DPO model with marketing covariates, where J = 2,
T = 5 and we use the dimension-reduction technique in Appendix B.2.2. The choice sets consist of the top-selling
brand and a composite brand representing all other choice alternatives, and marketing covariates include the
in-store display of the focal brand and its largest competing brand. The IV assumption uses lagged display
vector as the excluded instrument. The 95% confidence regions are constructed using the method described in
Appendix B.2.6, implemented using 30 bootstrap draws and a tuning parameter of 7, = 0.8.

Table B3: Habitual Brand Loyalty - Binomial DPO controlling for in-store display
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v ST(1) ST(1)+MTS ST(1)+MTS+IV

0= p-value for or =0 p-value for =10 p-value for o0r =10 p-value for

Category Brand in sample Hy: ©* # 0 in sample Hg: ©* # 0 in sample Hy: ©* # 0 in sample Hy: ©* # 0
Coffee Maxwellg Yes 0.267 Yes 0.800 Yes 0.500 Yes 0.233
Deodorant Mennen Yes 0.500 Yes 0.500 Yes 0.333 Yes 0.467
Mayonnaise Hellmanns Yes 0.367 Yes 0.833 Yes 0.633 Yes 0.167
Margarine Smart Balance Yes 0.633 Yes 0.967 Yes 0.767 Yes 0.000
Peanut Butter  Skippy Yes 0.767 Yes 0.700 Yes 0.567 Yes 0.833
Spaghetti Sauce Ragu No 1.000 No 1.000 Yes 1.000 Yes 1.000
Toothbrush Colgate Yes 0.467 Yes 0.033 Yes 0.000 Yes 0.000
Yogurt Yoplait Yes 1.000 Yes 1.000 Yes 0.567 Yes 0.500
(a) Binary DPO Controlling for Prices
v ST(1) ST(1)+MTS ST(1)+MTS+IV
0 =10 p-value for 0 =10 p-value for 0* =0 p-value for o =10 p-value for
Category Brand in sample Hy: ©* # 0 in sample Hy: ©* #0 in sample Hy: ©* # 0 in sample Hp: ©* # 0
Coffee Maxwellg Yes 0.100 Yes 1.000 Yes 0.233 Yes 0.000
Deodorant Mennen Yes 0.233 Yes 0.800 Yes 0.767 Yes 0.267
Mayonnaise Hellmanns Yes 0.033 Yes 0.100 Yes 0.167 Yes 0.000
Margarine Smart Balance Yes 0.100 Yes 0.667 Yes 0.600 Yes 0.700
Peanut Butter  Skippy Yes 0.967 Yes 1.000 Yes 0.800 Yes 0.867
Spaghetti Sauce Ragu Yes 0.933 Yes 0.200 Yes 0.467 Yes 0.667
Toothbrush Colgate Yes 0.300 Yes 0.267 Yes 0.367 Yes 0.000
Yogurt Yoplait Yes 0.400 Yes 0.600 Yes 0.400 Yes 0.167

(b) Binary DPO Controlling for In-store Display

This table summarizes the misspecification test results for DPO models. For each brand-assumption pair, the
first column reports whether the identified set is empty in the sample and the second column reports the p-
value for rejecting the null hypothesis that the identified set is non-empty under a set of assumptions. Each
household’s last six purchases are reconstructed to be a focal brand and a composite brand for the binary DPO
model, while observed marketing covariates include prices or in-store display of the focal brand as well as of its
leading competitor. The DPO model combines shorter models to model longer sequences of choices, as described
in Appendix B.2.2. The tuning parameter is set to be 7, = 0.8 and the number of bootstrap samples 30.

Table B4: Misspecification Tests

(1) (2) (3) (4) (5) (6) (M) (8) 9) (10)

coefficient MNL se. (MNL) SDMNL se. (SDMNL) MNLGFE se. (MNLGFE) SDMNLGFE se. (SDMNLGFE) DDCGFE se. (DDCGFE)
beta 0.000  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.799 0.167
price -LOIT 0.041 -1.019 0.041 -1.079 0.035 -1.089 0.035 -1.084 0.035
loyalty 0.000  0.000 1.447 0.071 0.000 0.000 0.621 0.056 0.720 0.073
FOLGERS Sm  0.553  0.163 -0.141 0.179 0.403 0.156 0.174 0.159 0.191 0.161
FOLGERS Lg  -1.315  0.167 -1.692 0.169 -1.768 0.202 -1.840 0.200 -1.742 0.197
MAXWELL Sm 0.760  0.129 0.033 0.147 0.539 0.150 0.308 0.158 0212 0.157
MAXWELL Lg  -1.855  0.168 2,045 0.172 2177 0.182 -2.198 0.180 -2.099 0.178
PL Sm 1406 0.192 -1.650 0.190 -1.997 0.189 -2.040 0.184 -1.951 0.192

This table summarizes the myopic random utility model (denoted "MINL") and DDC coefficient estimates from
the Coffee category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-effects"
approach to control for unobserved heterogeneity. Reported parameter values represent the population mean
value of a parameter. Standard errors are computed via bootstrap.

Table B5: Maximum Likelihood Estimates for Coffee
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(1) (2) 3) ) (5) (6) (M) (8) ) (10)
coefficient  MNL s.e. (MNL) SDMNL s.e. (SDMNL) MNLGFE s.. (MNLGFE) SDMNLGFE s.c. (SDMNLGFE) DDCGFE s.. (DDCGFE)

beta 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.981 0.077
price -0.729 0.046 -0.716 0.046 -0.715 0.047 -0.718 0.047 -0.718 0.046
loyalty 0.000 0.000 1.780 0.061 0.000 0.000 0.541 0.053 0.730 0.087
DEGREE  -3.450 0.153 -3.924 0.162 -4.305 0.226 -4.384 0.218 -4.201 0.228
DOVE -3.386 0.153 -4.013 0.155 -4.107 0.166 -4.204 0.167 -4.051 0.178
MENNEN  -2.579 0.150 -3.614 0.157 -3.112 0.157 -3.303 0.144 -3.480 0.146
OLDSPICE  -2.897 0.158 -3.591 0.175 -3.650 0.149 -3.754 0.151 -3.631 0.164
RIGHT -3.557 0.164 -4.055 0.160 -4.358 0.296 -4.489 0.293 -4.329 0.282
SECRET -3.212 0.184 -3.580 0.175 -4.139 0.183 -4.195 0.181 -3.977 0.191

This table summarizes the myopic random utility model (denoted "MINL") and DDC coefficient estimates from
the Deodorants category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-effects"
approach to control for unobserved heterogeneity. Reported parameter values represent the population mean
value of a parameter. Standard errors are computed via bootstrap.

Table B6: Maximum Likelihood Estimates for Deodorants

(1) (2) 3) (4) (5) (6) (7) (8) (9) (10)

coefficient MNL s.e. (MNL) SDMNL s.e. (SDMNL) MNLGFE s.e. (MNLGFE) SDMNLGFE s.. (SDMNLGFE) DDCGFE s.e. (DDCGFE)
beta 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.874 0.062
price -0.753 0.056 -0.719 0.057 -0.850 0.055 -0.839 0.056 0.055
loyalty 0.000 0.000 2.998 0.067 0.000 0.000 1.459 0.093 0.105
ICBINB -2.205 0.148 -4.247 0.134 -3.186 0.151 -3.889 0.123 0.114
SMARTBALANCE -1.971 0.105 -4.163 0.117 -2.684 0.152 -3.464 0.124 0.121
SHEDDS -3.240 0.125 -4.813 0.119 -4.462 0.157 -4.878 0.126 0.132
PROMISE -3.104 0.162 -4.273 0.152 -4.551 0.167 -4.892 0.146 0.161

This table summarizes the myopic random utility model (denoted "MINL") and DDC coefficient estimates from
the Margarine category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-effects"
approach to control for unobserved heterogeneity. Reported parameter values represent the population mean
value of a parameter. Standard errors are computed via bootstrap.

Table B7: Maximum Likelihood Estimates for Margarine

(1) (2) ®3) 4) (5) (6) (7 ®) ) (10)
coefficient MNL se. (MNL) SDMNL s.e. (SDMNL) MNLGFE s.e. (MNLGFE) SDMNLGFE s.e. (SDMNLGFE) DDCGFE s.e. (DDCGFE)
beta 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.867 0.057
price -2.382 0.054 -2.430 0.053 -2.408 0.046 -2.417 0.045 -2.414 0.046
loyalty 0.000 0.000 1.882 0.047 0.000 0.000 0.498 0.074 0.941 0.186
HELLMANNS  0.455 0.078 -1.110 0.086 0.258 0.074 -0.104 0.112 -0.526 0.188
PL -2.445 0.088 -2.960 0.078 -3.730 0.104 -3.808 0.104 -3.312 0.152
KRAFT -1.897 0.110 -2.269 0.107 -2.863 0.130 -2.915 0.128 -2.429 0.171

This table summarizes the myopic random utility model (denoted "MNL") and DDC coefficient estimates from
the Mayonnaise category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-effects"
approach to control for unobserved heterogeneity. Reported parameter values represent the population mean
value of a parameter. Standard errors are computed via bootstrap.

Table B8: Maximum Likelihood Estimates for Mayonnaise

(1) @) 3) (4) 5) (©) (M) (8) (9) (10)
coefficient MNL s.e. (MNL) SDMNL se. (SDMNL) MNLGFE s.e. (MNLGFE) SDMNLGFE s.e. (SDMNLGFE) DDCGFE s.e. (DDCGFE)
beta 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.845 0.113
price -1.367 0.067 -1.248 0.064 -1.147 0.063 -1.168 0.062 -1.156 0.063
loyalty 0.000 0.000 1.541 0.024 0.000 0.000 0.691 0.020 0.692 0.038
JIF -1.451 0.129 -2.425 0.128 -2.410 0.120 -2.633 0.116 -2.616 0.122
PETERPAN -3.057 0.124 -3.538 0.119 -4.225 0.138 -4.276 0.134 -4.182 0.136
PL -2.148 0.100 -2.974 0.101 -3.140 0.108 -3.304 0.108 -3.255 0.106
SKIPPY -1.347 0.115 -2.426 0.120 -2.164 0.107 -2.429 0.108 -2.438 0.109

This table summarizes the myopic random utility model (denoted "MINL") and DDC coefficient estimates from
the Peanut Butter category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-
effects" approach to control for unobserved heterogeneity. Reported parameter values represent the population
mean value of a parameter. Standard errors are computed via bootstrap.

Table B9: Maximum Likelihood Estimates for Peanut Butter
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(1) (2 (3) (4) (5) (6) (M) (8) ) (10)

coefficient MNL se. (MNL) SDMNL se. (SDMNL) MNLGFE s.e. (MNLGFE) SDMNLGFE s.e. (SDMNLGFE) DDCGFE s.e. (DDCGFE)
beta 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.888 0.077
price -3.326 0.074 -3.386 0.072 -3.333 0.073 -3.357 0.073 -3.352 0.073
loyalty 0.000 0.000 1.644 0.045 0.000 0.000 0.722 0.041 0.722 0.064
FRANCESCORINALDI -1.311 0.079 -1.915 0.090 -1.825 0.085 -1.972 0.089 -1.911 0.092
HUNTS -2.473 0.087 -2.811 0.093 -3.217 0.093 -3.298 0.092 -3.197 0.097
PREGO -0.026 0.103 -0.591 0.105 -0.701 0.109 -0.865 0.110 -0.791 0.108
RAGU 0.995 0.089 0.024 0.110 0.496 0.104 0.133 0.112 0.133 0.124

This table summarizes the myopic random utility model (denoted "MINL") and DDC coefficient estimates from
the Spaghetti Sauce category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-
effects" approach to control for unobserved heterogeneity. Reported parameter values represent the population
mean value of a parameter. Standard errors are computed via bootstrap.

Table B10: Maximum Likelihood Estimates for Spaghetti Sauce

(1) (2) (3) (4) (5) (6) (M 8 ) (10)
coefficient  MNL s.e. (MNL) SDMNL s.e. (SDMNL) MNLGFE s.. (MNLGFE) SDMNLGFE s.. (SDMNLGFE) DDCGFE s.. (DDCGFE)
beta 0.000  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.671 0.238
price <0510 0.068 -0.470 0.072 -0.553 0.066 -0.552 0.065 -0.551 0.065
loyalty 0.000  0.000 1.187 0.089 0.000 0.000 -0.043 0.156 0.486 0.288
COLGATE -3.093  0.188 -4.086 0.214 -3.721 0.212 -3.688 0.221 -4.212 0.284
ORALB  -3.060  0.222 -3.829 0.236 -4.142 0.202 -4.154 0.201 -3.950 0.341

This table summarizes the myopic random utility model (denoted "MNL") and DDC coefficient estimates from
the Toothbrushes category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-
effects" approach to control for unobserved heterogeneity. Reported parameter values represent the population
mean value of a parameter. Standard errors are computed via bootstrap.

Table B11: Maximum Likelihood Estimates for Toothbrushes

(1) 2 3) ) () (6) M (8 ) (10)
coefficient  MNL se. (MNL) SDMNL se. (SDMNL) MNLGFE se. (MNLGFE) SDMNLGFE se. (SDMNLGFE) DDCGFE s.. (DDCGFE)
beta 0.000  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.380 0.127
price 1134 0.049 -1.149 0.050 -1.213 0.050 -1.221 0.050 -1.221 0.050
loyalty 0.000  0.000 1.792 0.048 0.000 0.000 1111 0.039 1111 0.041
YOPLAIT ~ -0.806  0.096 -1.906 0.117 -1.326 0.104 -1.955 0.109 -1.963 0.114
DANNON ~ -1.558  0.087 -2.510 0.103 -1.891 0.107 -2.369 0.111 -2.356 0.113
COLOMBO -2.136  0.099 -2.918 0.100 -2.638 0.107 -3.025 0.103 -3.009 0.104

This table summarizes the myopic random utility model (denoted "MINL") and DDC coefficient estimates from
the Yogurt category in the IRI academic data. Specifications indicating "GFE" use the "group fixed-effects"
approach to control for unobserved heterogeneity. Reported parameter values represent the population mean
value of a parameter. Standard errors are computed via bootstrap.

Table B12: Maximum Likelihood Estimates for Yogurt

(1) B 3) o) ) () ) ) ©) (10)

category brand HBLunt MBLuyi (se) HBLppe HBLppc (se) HBLynineter HBLywiheter (-€.) HBLppcheter HBLpponerer (5-€) HBLyNLhomogsp  HBLN Lhomogsp (s-€.)
coffee MAXWELL Sm 0.523 0.027 0.528 0.027 0.243 0.026 0.276 0.031 0.253 0.027
deodorant MENNEN 0.602 0.016 0.630 0.016 0.171 0.022 0.222 0.029 0.198 0.040
mayonnaise HELLMANNS 0.668 0.012 0.648 0.012 0.204 0.037 0.338 0.067 0.107 0.011
margarine SMARTBALANCE 0.863 0.008 0.885 0.012 0.541 0.030 0.540 0.035 0.601 0.070
peanut b 2 SKIPPY 0.584 0.007 0.595 0.007 0.275 0.016 0.275 0.018 0.286 0.139
spaghetti sauce  RAGU 0.613 0.014 0.619 0.014 0.265 0.019 0.265 0.026 0.240 0.028
toothbrushes COLGATE 0.522 0.034 0.516 0.034 0.094 0.052 0.261 0.068 0.057 0.032
yogurt YOPLAIT 0.687 0.013 0.688 0.013 0.478 0.022 0.478 0.046 0.454 0.024

This table summarizes the HBL statistics corresponding to the DDC estimates from the IRI academic data. HBL
computed for the top brand in each of the categories. All specifications use the "group fixed-effects" approach
to control for unobserved heterogeneity. Reported parameter values represent the population mean value of a
parameter. Standard errors are computed via bootstrap.

Table B13: The Extent of Habitual Brand Loyalty: DDC evidence
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(1) (2) 3)
brand SR Elasticity (RUM) LR Elasticity (DDC) % difference

FOLGERSs -3.298 -3.777 14.5
FOLGERS,, 0.068 0.076 11.3
MAXWELLg 0.044 0.029 -32.5
MAXWELLy 0.074 0.114 54.7
PRIVATELABELg 0.066 0.095 44.8
no purch 0.067 0.077 14.1

Table B14: LR elasticities: Coffee

() ) 3
brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
DEGREE -2.009 -2.467 22.8
DOVE 0.008 0.039 377.6
MENNEN 0.009 0.033 280.3
OLDSPICE 0.01 0.017 74
RIGHT 0.015 0.133 796
SECRET 0.008 -0.003 -134.1
no purch 0.016 0.02 26

Table B15: LR elasticities: Deodorant

(1) (2) (3)
brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
HELLMANNS -3.778 -3.774 -0.1
PRIVATELABEL 0.041 0.624 1440.1
KRAFTMAYO 0.035 0.659 1759.5
no purch 0.054 0.046 -13.5

Table B16: LR elasticities: Mayonnaise

(1) (2) (3)

brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
ICANTBELIEVEITSNOTBUTTER -1.418 -1.772 24.9
SMARTBALANCE 0.006 0.011 69.1
SHEDDSCOUNTRYCROCK 0.012 0.016 29.5
PROMISE 0.015 0.019 21.9
no purch 0.012 0.02 75.5

Table B17: LR elasticities: Margarine
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(1) (2) 3)

brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
JIF -2.062 -2.406 16.7
PETERPAN 0.023 0.032 38.2
PRIVATELABEL 0.023 0.035 51.9
SKIPPY 0.028 -0.014 -148.5
no purch 0.025 0.032 28

Table B18: LR elasticities: Peanut Butter

(1) (2) (3)

brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
FRANCESCORINALDI -3.382 -3.733 10.4
HUNTS 0.061 0.065 6.6
PREGO 0.082 0.099 21.2
RAGU 0.062 0.05 -18.5
no purch 0.067 0.084 24.9

Table B19: LR elasticities: Spaghetti Sauce

(1) (2) (3)
brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
COLGATE -1.747 -1.74 -0.4
ORALB 0.009 0.131 1308.6
no purch 0.026 0.026 -2.2

Table B20: LR elasticities: Toothbrushes

(1) (2) (3)
brand SR Elasticity (RUM) LR Elasticity (DDC) % difference
YOPLAIT -2 -2.006 0.3
DANNON 0.091 0.578 537.9
COLOMBO 0.081 0.422 420.1
no purch 0.086 0.07 -19.1

Table B21: LR elasticities: Yogurt
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